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The simultaneous capture of imaging data at multiple wavelengths across the electromagnetic
spectrum is highly challenging, requiring complex and costly multispectral image devices. In this
study, we investigate the feasibility of simultaneous multispectral imaging using conventional image
sensors with color filter arrays via a novel comprehensive framework for numerical demultiplexing of
the colorimage sensor measurements. A numerical forward model characterizing the formation of
sensor measurements from light spectra hitting the sensor is constructed based on a comprehensive
spectral characterization of the sensor. A numerical demultiplexer is then learned via non-linear random
forest modeling based on the forward model. Given the learned numerical demultiplexer, one can then
demultiplex simultaneously-acquired measurements made by the colorimage sensor into reflectance
intensities at discrete selectable wavelengths, resulting in a higher resolution reflectance spectrum.
Experimental results demonstrate the feasibility of such a method for the purpose of simultaneous
multispectral imaging.

Multispectral imaging involves the capturing of imaging data of a particular scene or object at multiple wave-
lengths across the electromagnetic spectrum. Because different materials reflect, transmit, or emit at different
wavelengths, multispectral imaging becomes a powerful tool to extract additional information about a scene or
object. This approach facilitates unique material characterization and classification beyond what can be captured
using conventional camera systems. As such, multispectral imaging has become a widely-used, powerful tool for
different applications such as remote sensing'~*, material analysis**¢, and microscopy’*°.

Traditionally, multispectral imaging has often been performed in a sequential manner, where imaging data
are captured at a specific wavelength in the electromagnetic spectrum. Such sequential multispectral imaging
systems typically consists of a monochromatic sensor and a spectral filtering mechanism such as filter wheels!!
and tunable filters'>!? that allow the desired wavelength of light to pass through for acquisition. While highly use-
ful for imaging static phenomena in a controlled environment, there are several limitations associated with such
sequential multispectral imaging systems. First, such imaging systems require a complex optical setup involving
many optoelectronic elements, leading to a more expensive and less compact system. Second, the temporal reso-
lution of such systems is reduced because the imaging is done in a sequential manner. This reduction in temporal
resolution makes imaging dynamic or transient phenomena more challenging.

To address such limitations, there has been an on-going trend towards simultaneous multispectral imaging
systems, where the goal is to capture imaging data at all desired wavelengths at the same time. Such systems allow
for effective imaging of dynamic or transient phenomena. The traditional implementation of such devices tend
to be complex and costly since numerous beamsplitting optics as well as dedicated imaging devices are required,
proportional to the desired number of spectral channels. There has been a recent surge in design and develop-
ment of on-chip multispectral imagers that facilitate a less complex, and more compact design for simultaneous
multispectral imaging. A major limitation of such systems revolves around the use of customized multispectral
image sensors, where different sets of pixels in the sensor array are configured to capture imaging data at a par-
ticular wavelength. For example, Park et al. propose a multispectral image sensor that is capable of capturing
eight different wavelengths at the same time'*. However, such custom multispectral image sensors are complex
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to manufacture and cost-prohibitive for many real-world applications. As such, a method for simultaneous mul-
tispectral imaging that leverages off-the-shelf, low-cost image sensors with standard color filter arrays (CFAs) is
preferred.

There has been recent interest in exploring simultaneous multispectral imaging systems where higher spec-
tral resolution is obtained from off-the-shelf image sensors with CFAs'>-2!. Such an approach to simultaneous
multispectral imaging is based on the notion that the general characteristics of reflectance spectra of the samples
being imaged are typical and more constrained in diversity, which is true for a wide range of specific applica-
tions. In essence, one can better leverage the measurements from off-the-shelf image sensors with CFAs, given
the inherent characteristics of the imaging sensor and the imaging process, to infer higher resolution reflec-
tance spectra. While this approach is not as flexible and reliable as spectroscopic approaches for obtaining a very
wide diversity of reflectance spectra, it has been demonstrated to be effective for a wide range of applications
such as artwork assessment'>?, clinical skin imaging!’, vein visualization®?, hemodynamic visualization®, and
microscopy’. Such an approach is highly appealing in suitable scenarios as it greatly decreases the complex-
ity, size, cost, and usability of multispectral imaging systems. In the most commonly-used configuration of this
approach, simultaneous multispectral imaging, auto-correlation and cross-correlation are used to statistically
model the relationship between the incoming light spectra and the image sensor measurements'>-’. The resulting
auto-correlation and cross-correlation models are then used to infer higher resolution reflectance spectra from
sensor measurements via Wiener estimation. These inherent statistical assumptions limit the ability to predict the
complex spectra behaviors and as such may not scale well for obtaining fine structure in higher resolution spectra
such as absorption or emission lines.

In this study, inspired by our preliminary work on spectral inference?!, we investigate the feasibility of per-
forming simultaneous multispectral imaging using conventional sensors with Bayer CFAs. We leverage a compre-
hensive framework based on numerical demultiplexing of sensor measurements via spectral characterization of
the image sensor and non-linear random forest modeling. By decoupling measurements that are captured using
a low-cost, compact imaging system with conventional sensors with CFAs, one can predict higher resolution
spectral data across multiple wavelengths within the sensitivity of the image sensor.

Methods

The proposed numerical demultiplexing method can be summarized as follows. First, a comprehensive spectral
characterization of the image sensor is performed. Second, given the spectral characterization information, a for-
ward model is created that maps the input light spectra to the sensor measurements. Third, given the numerical
forward model, the corresponding numerical demultiplexer is constructed via non-linear random forest mode-
ling. This numerical demultiplexer can then be used to demultiplex simultaneously-acquired measurements made
by the image sensor into reflectance intensities at discrete selectable wavelengths, resulting in a higher resolution
reflectance spectrum. A more detailed description of each component of the proposed method is provided below.

Imaging apparatus. In this study a Canon T3i APS-C CMOS image sensor was used to assess the feasibility
of demultiplexing color image sensor measurements into higher spectral signals. The Canon T3i APS-C CMOS
image sensor has a size of 22.3 mm X 14.9 mm and a Bayer pattern CFA, which we characterize in a comprehen-
sive manner as described below.

Spectral characterization. In order to construct a numerical forward model characterizing the formation
of image sensor measurements given input light spectra, we must first quantitatively characterize the inherent
spectral sensitivity of the image sensor in a comprehensive manner. The intensity measurement on a sensor’s
pixel, C(3, j), can be described as

C@,j) = ZS(I’, 7> MR, j, NE(, j, A),
) (1)

and depends on the spectral sensitivity of the sensor S(i, j, A), the reflectance of the object R(4, j, A), and the light
source E(i, j, ) which is used to illuminate the target®*. Here (i, j) is the pixel location on the sensor and A is the
wavelength available at a given pixel. The spectral sensitivity, S(i, j, A), can be changed by placing a CFA over the
sensor, which facilitates the simultaneous acquisition of multiple spectral bands: red, green, and blue in the case
of a Bayer CFA.

We characterize the spectral sensitivity of a sensor for a given color in the CFA by emitting a large set of dis-
crete narrowband light spanning the desired wavelength range onto the sensor, and then record the correspond-
ing spectral response within the range of wavelengths. For example, a very common CFA used in consumer-level
color imaging systems is the Bayer pattern CFA?*, which consists of red, green, and blue (RGB) filters placed on
the sensor pixels resulting in three-channel spectral measurements. In this study, we designed and built a mon-
ochromator that enables wavelength selection in steps of 5nm and we use the light emerging from the exit slit of
the monochromator as an input into the camera to be imaged.

The focus of the camera is placed at infinity to ensure that the beam which impinges on the sensor is as close
to collimation as possible, therefore uniformly illuminating a large region on the sensor which results in a large
number of each of the three color filters. Using this setup we characterize the spectral sensitivity of a Canon T3i
APS-C CMOS image sensor with a Bayer pattern CFA using a set of 61 discrete test spectra ranging from 410 nm
to 710 nm. The spectral response curve for the three filters are shown in Fig. 1.

Forward modeling. Given the spectral characterization of the color sensor, we can now construct a forward
model characterizing the color measurement formation by the sensor with a CFA. By letting A(i, j, A) =R(, j, \)
E(i, j, \), Equation 1 can be rewritten as
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Figure 1. Spectral response of a Canon T3i APS-C CMOS image sensor with a Bayer pattern CFA.
This spectral characterization is used to construct a forward model characterizing the formation of sensor
measurements from light spectra hitting the sensor.

Ci, j) = Y _SG PAG, j, M),

B ()
which can be written in matrix form as C,,.; = Sy, A, Here C=[cic; ... ¢,] Trepresents the measurements made
by the image sensor using the p filter in the CFA, A =\, ... \,]T represents the intensities at n discrete selectable
wavelengths of the light spectra arriving at the sensor, and S is the spectral sensitivity of the sensor. This rela-
tionship represents a forward model which maps the light spectra hitting the sensor to the sensor measurements
made by the image sensor with a CFA.

Numerical demultiplexer. At this stage, the goal is to construct a numerical demultiplexer based on the
numerical forward model for the characterized image sensor described in Equation 2. One can treat the numer-
ical demultiplexer as an inverse problem of the numerical forward model, with the goal of determining higher
resolution reflectance spectra A given the image sensor measurements C:

A =8Y0). (3)

Here S71(*) is an inverse function that outputs the higher resolution reflectance spectra A given the sensor
measurements C. Given the complex relationship between the higher resolution reflectance spectra and the sen-
sor measurements, and the fact that we have an under-determined system in this case, one cannot obtain the
inverse function S~!() analytically. Therefore, in the proposed framework, we propose that a numerical demulti-
plexer can be constructed through nonlinear modeling of the relationship between reflectance spectra and sensor
measurements.

We leverage non-linear random forest modeling® to construct the numerical demultiplexer function S~!()
using a comprehensive set consisting of 10,000 reflectance spectra and their corresponding sensor measurements
based on the numerical forward model for the characterized image sensor. A random distribution of reflectance
spectra was used to construct the numerical demultiplexer to ensure that all wavelengths are well represented
ensuring that the numerical demultiplexer achieves strong demultiplexing performance across the entire range
of wavelengths. The nonlinear random forest model, used in this study for constructing the numerical demulti-
plexer, is comprised of 8,000 decision trees in total.

A key advantage of using such a non-linear random forest modeling approach to constructing the numerical
demultiplexer is that it allows for reliable and flexible modeling of the complex relationships between reflec-
tance spectra and sensor measurements without imposing strong assumptions about the nature of the relation-
ship. Furthermore, we also introduce a numerical Wiener-based demultiplexer based on auto-correlation and
cross-correlation models for comparison purposes with the proposed random forest-based demultiplexer. The
Wiener-based demultiplexer based model is learned using the numerical forward model for the characterized
image sensor described in Equation 2.

Given the constructed numerical demultiplexer, one can demultiplex simultaneously-acquired sensor meas-
urements made by the characterized image sensor with a CFA into higher resolution reflectance spectra.

Quantitative performance assessment. We performed two different sets of experiments to assess the
feasibility of the proposed framework. In the first set of experiments, we performed a quantitative performance
assessment of the proposed framework within a controlled simulation environment. More specifically, a simu-
lated sensor was constructed based on the characterization of the Canon T3i sensor with a Bayer pattern CFA,
and a total of 10,000 new randomized simulated reflectance spectra were then generated and captured using
the simulated sensor to generate sensor measurements. A random selection from the set of 10,000 test sensor
measurements used in the first set of experiments is shown in Fig. 2. These RGB measurements are then fed into
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Figure 2. A random selection of 150 test sensor measurements (shown here as patches in a chart) from the
set of 10000 test sensor measurements.

Figure 3. The test icon used in the second set of experiments. The true reflectance spectrum was measured
for each unique section of the icon and then compared to the predicted spectra from the three inverse methods.

the numerical demultiplexer to obtain predicted reflectance spectra. The predicted reflectance spectra are then
compared quantitatively against the original reflectance spectra entering the sensor using the peak signal-to-noise
ratio (PSNR) to assess the fidelity of the demultiplexed spectra.

In the second set of experiments, we wish to validate the observations made from the first set of controlled
simulation experiments within a real-world setting. To accomplish this we used the real spectrally-characterized
Canon T3i sensor with a Bayer pattern CFA to capture measurements of a test icon (see Fig. 3). The reflec-
tance spectra of each section in the test icon was determined by measuring the sections using a high-resolution
spectrometer while being illuminated by a Halogen-Tungsten (2650k) broadband light source under a 45°-0°
receiver-source setup. The true reflectance spectra were then found by detrending the measured spectra by the
reflectance spectrum of the light source using a 99% reflectance target.

The sensor measurements were then fed into the numerical demultiplexer to obtain predicted reflectance
spectra. The demultiplexed reflectance spectra from the numerical demultiplexer were then compared quanti-
tatively against the known reflectance spectra of the icon using PSNR to assess the fidelity of the demutiplexed
spectra.

Finally, we use the real spectrally-characterized Canon T3i sensor with a Bayer pattern CFA to capture
measurements of a scene consisting of flowers of different colors to qualitatively illustrate the feasibility of the
proposed framework (see Fig. 4). The sensor measurements were then fed into the numerical demultiplexer to
construct predicted reflectance spectra images at different spectral wavelengths. Three specific spectral wave-
lengths (490 nm, 550 nm and 610 nm) were chosen for illustrative purposes to highlight key differences between
the tested methods.

As a baseline, a state-of-the-art and popular Wiener Estimation (WEM) metho was also evaluated
alongside the proposed Wiener-based demultiplexer (DEMUX-WEM) and random forest-based demultiplexer
(DEMUX-RFM), using the same procedures for both sets of experiments.

d16,17,22

Results

The goal of this study is to investigate the feasibility of simultaneous multispectral imaging with CFAs via
numerical demultiplexing of sensor measurements. The experimental results from the two sets of experiments
for assessing the feasibility of this proposed approach are presented below.

In the first set of experiments, we wish to perform a comprehensive performance assessment of the proposed
framework within a controlled simulation environment. The PSNR of WEM, DEMUX-WEM, and DEMUX-RFM
for the first set of experiments were 14.7 dB, 17.8 dB and 20.16 dB, respectively. The proposed DEMUX-WEM
achieved a significant PSNR improvement over the traditional WEM, with the proposed DEMUX-RFM exhib-
iting significant PSNR improvements over the other two methods. This illustrates that the efficacy of the pro-
posed DEMUX-WEM and DEMUX-RFM are providing more generalizable approaches for predicting a greater
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Figure 4. Sensor measurements of a scene consisting of flowers of different colors using real spectrally-
characterized Canon T3i sensor with a Bayer pattern CFA used in the second set of experiments.

diversity of reflectance spectra. Three test reflectance spectra are shown in Fig. 5, along with the predicted
spectra from the tested methods. The top two spectra exhibit the prediction accuracy with a unimodal shape
while the bottom spectra exhibits the prediction accuracy with a bimodal shape. In all three cases, the proposed
DEMUX-RFM provided the most accurate predicted spectra, followed by DEMUX-WEM and then WEM.

In the second set of experiments, we wish to validate the observations made regarding the proposed frame-
work in the first set of controlled simulation experiments within a real-world environment. To accomplish this,
we used the real Canon T3i sensor with a Bayer pattern CFA to capture measurements of a test icon (as seen in
Fig. 3), and of a scene consisting of flowers of different colors.

The PSNR of WEM, DEMUX-WEM, and DEMUX-RFM for the second set of experiments involving the test
icon are 17.7dB, 13.3dB, and 17.2 dB, respectively. While WEM achieves the highest PSNR in this set of exper-
iments, it is important to note that the primary reason why WEM is able to achieve this level of performance is
that the true reflectance spectra of the sections in the test icon very closely resembles the spectra of color patches
in the Macbeth chart, which are used to train WEM as per!®. Nevertheless, it is very interesting to observe that the
proposed DEMUX-RFM, which is constructed based on the forward model of the characterized sensor, is able to
achieve a PSNR that is very close to the WEM PSNR, with a difference of just 0.5 dB, which illustrates the strength
of the proposed framework.

The true spectra and predicted spectra from the test methods for the ‘blue’ and ‘green’ sections of the test icon
are shown in Fig. 6. When predicting the spectrum of the ‘blue’ section, all three methods exhibited similar per-
formance. However, when predicting the spectrum of the ‘green’ section, WEM and DEMUX-WEM exhibited
similar performance while DEMUX-RFM achieved a more accurate prediction.

The predicted spectral images at three different spectral wavelengths (490 nm, 550 nm and 610 nm) were
obtained using the WEM, DEMUX-WEM, and DEMUX-RFM methods for a scene consisting of flowers with
different colors as shown in Fig. 7. A number of interesting observations can be made from the predicted spec-
tral images. It can be observed that Flower A can be seen to have noticeably higher intensities at 490 nm for
the DEMUX-WEM and DEMUX-RFM methods, particularly with higher intensity contrast between Flower
A and the other flowers, when compared to the WEM method. Since Flower A is a blue flower it has a signifi-
cantly higher reflectance at 490 nm compared to the other flowers. This illustrates the efficacy of the proposed
DEMUX-WEM and DEMUX-RFM methods in this case.

It can also be observed that Flower B has a very low intensity at 490 nm for the DEMUX-WEM and
DEMUX-RFM methods, while the WEM method shows noticeably higher relative intensity at 490 nm in com-
parison. Given that Flower B is an orange flower and has very low reflectance at 490 nm, the predicted reflectance
spectra produced by the DEMUX-WEM and DEMUX-RFM methods more accurately represent the scene com-
pared to the WEM method. Furthermore, it is interesting that there is noticeably higher contrast between Flower
B and Flower D at both 490 nm and 610 nm with the proposed DEMUX-WEM and DEMUX-RFM methods com-
pared to the WEM method. In particular, Flower B and Flower D are visually inseparable from the spectral image
produced using WEM at 610 nm. In addition, Flower B is orange and exhibits higher reflectance than Flower D at
610 nm, since 610 nm corresponds to the orange portion of the visible band. These improved reflectance spectra
predictions illustrate the efficacy of the proposed DEMUX-WEM and DEMUX-RFM methods.

It can be further observed that Flower B has a noticeably higher intensity at 610 nm for the DEMUX-RFM
method when compared to both DEMUX-WEM and WEM, with noticeably greater contrast between Flower
B and other flowers at 610 nm when compared to DEMUX-WEM and WEM. Given that Flower B is an orange
flower and exhibits higher reflectance at 610 nm (orange color in the visible spectrum), the superior performance
of the proposed DEMUX-RFM method is demonstrated compared to the other methods.
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Figure 5. Three examples of simulated light spectra that were captured using the simulated sensor to
obtain image sensor measurements (see Fig. 2). These sensor measurements were then used by the three
tested approaches to predict higher resolution reflectance spectra. The proposed random forest-based
demultiplexer (DEMUX-RFM) outperformed both Wiener estimation method (WEM) and proposed Wiener-
based demultiplexer (DEMUX-WEM).

Finally, Flower C has noticeably higher intensity at 610 nm for DEMUX-RFM compared to DEMUX-WEM,
and noticeably lower intensity at 550 nm for DEMUX-RFM compared to WEM. Given that Flower C is a purple
flower and is characterized by high reflectance at 490 nm, very low reflectance at 550 nm, and mild reflectance at
610 nm, the results of DEMUX-RFM are more representative of the reflectance spectra of Flower C compared to
DEMUX-WEM and WEM.
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Figure 6. Two of the five true reflectance spectra (‘blue’ and ‘green’) from the test icon (see Fig. 3), along
with the corresponding predicted spectra obtained from a state-of-the-art Wiener Estimation Method
(WEM), the proposed Wiener-based demultiplexer (DEMUX-WEM) and the random forest-based
demultiplexer (DEMUX-RFM). Top: The ‘blue’ true spectrum and the predicted spectra produced using the
inverse methods have similarly shaped spectral curves. Bottom: the predicted spectra from DEMUX-REM is
closest to the true ‘green’ spectrum.

Discussion

In this study we assess the feasibility of simultaneous multispectral imaging using conventional image sensors
with color filter arrays. We accomplish this by leveraging a comprehensive framework for numerical demultiplex-
ing of the color image sensor measurements via non-linear random forest modeling.

Comprehensive quantitative performance assessment within a controlled simulation environment as well as
with real-world measurements of a test icon demonstrate the efficacy of the proposed framework. The experimen-
tal results demonstrate that such an approach can be used to enable simultaneous multispectral imaging using
conventional image sensors with standard CFAs. The numerical demultiplexing method works in scenarios when
the reflectance spectra of the samples being imaged are typical and constrained in both diversity and anomalous
peculiarities, which is true for a wide range of specific applications.

The noticeable PSNR gains achieved while using the proposed framework may stem from the fact that a com-
prehensive spectral characterization of the detector was introduced to obtain an accurate computational forward
model, which was then used to build a numerical demultiplexer. This differs from the previously proposed Wiener
estimation method which aims to learn a parametric statistical model that maps sensor measurements to input
light spectra directly using spectral characterization information. By first building a more accurate computational
forward model, which is based on the spectral characterization of the image sensor, a more accurate numerical
demultiplexer can be constructed. This numerical demultiplexer can in turn predict a greater variety of reflec-
tance spectra in a more reliable manner. This factor is reinforced by the first experimental results, where both of
the proposed numerical demultiplexers (DEMUX-WEM and DEMUX-RFM) performed noticeably better than
the Wiener estimation method (WEM) when tasked to predict a wide variety of reflectance spectra.

A key factor to the noticeable PSNR gains achieved using the proposed method (DEMUX-RFM) when com-
pared to the alternate proposed method (DEMUX-WEM) may stem from the fact that a non-linear random forest
model was used to construct the numerical demultiplexer. This non-linear inverse model is less prone to overfit-
ting and more flexible than the parametric statistical model used in Wiener-based methods. This allows for a more
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Figure 7. Predicted reflectance spectra images at three specific spectral wavelengths (490 nm, 550 nm
and 610 nm) for the scene of flowers with different colors used in the second set of experiments. The
three specific wavelengths are chosen for illustrative purposes to highlight key differences between the tested
methods.

robust and generalized demultiplexer that performs well for predicting a greater diversity of reflectance spectra
and is less sensitive to illumination variations. This factor is reinforced by the experimental results from both sets
of experiments, which showed that the proposed random forest-based numerical demultiplexer (DEMUX-RFM)
performs noticeably better than the proposed Wiener-based numerical demultiplexer (DEMUX-WEM).

As we have demonstrated in this study, demultiplexing of RGB color sensor measurements into higher spectral
signals is possible via a numerical demultiplexing. This simultaneous multispectral imaging method has strong
implications for many applications where low-cost, low-complexity, and portable simultaneous multispectral
imaging systems are highly desired. Future work, extending the current research, involves investigating alternative
models for constructing the numerical demultiplexer and the integration of a more comprehensive forward
model.

References

1. Berni, J. A., Zarco-Tejada, P. ]., Sudrez, L. & Fereres, E. Thermal and narrowband multispectral remote sensing for vegetation
monitoring from an unmanned aerial vehicle. Geoscience and Remote Sensing, IEEE Transactions on. 47, 722-738 (2009).

2. Laliberte, A. S., Goforth, M. A,, Steele, C. M. & Rango, A. Multispectral remote sensing from unmanned aircraft: Image processing
workflows and applications for rangeland environments. Remote Sensing. 3, 2529-2551 (2011).

3. Calderén, R., Navas-Cortés, J. A., Lucena, C. & Zarco-Tejada, P. J. High-resolution airborne hyperspectral and thermal imagery for
early detection of verticillium wilt of olive using fluorescence, temperature and narrow-band spectral indices. Remote Sensing of
Environment. 139, 231-245 (2013).

4. Kim, M., Chen, Y. & Mehl, P. Hyperspectral reflectance and fluorescence imaging system for food quality and safety. Transactions-

American Society of Agricultural Engineers. 44,721-730 (2001).

. Lu, R. & Peng, R. Hyperspectral scattering for assessing peach fruit firmness. Biosysterms Engineering. 93, 161-171 (2006).

6. Kazemzadeh, F, Haider, S. A., Scharfenberger, C., Wong, A. & Clausi, D. A. Multispectral Stereoscopic Imaging Device:
Simultaneous Multiview imaging from the visible to the near-infrared. Instrumentation and Measurement, IEEE Transactions on.
63(7), 1871-1873 (2014).

7. Hiraoka, Y., Shimi, T. & Haraguchi, T. Multispectral imaging fluorescence microscopy for living cells. Cell structure and function. 27,
367-374(2002).

8. Brydegaard, M., Guan, Z. & Svanberg, S. Broad-band multispectral microscope for imaging transmission spectroscopy employing
an array of light-emitting diodes. American Journal of Physics. 77, 104-110 (2009).

9. Deglint, J. et al. Virtual spectral multiplexing for applications in in-situ imaging microscopy of transient phenomena. Proc. SPIE
9599, Applications of Digital Image Processing XXXVIIL 1, 95992D-95992D (2015).

10. Kazemzadeh, F. et al. Lens-free spectral light-field fusion microscopy for contrast and resolution-enhanced imaging of biological
specimens. Opt. Lett. 40(16), 3862-3865 (2015).

11. Yamaguchi, M. et al. Multispectral color imaging for dermatology: application in inflammatory and immunologic diseases. Color
and Imaging Conference. 1, 52-58 (2005).

12. Gupta, N. Acousto-optic-tunable-filter-based spectropolarimetric imagers for medical diagnostic applications and instrument
design point of view. Journal of biomedical optics. 10, 051802-051802 (2005).

13. Harris, S. & Wallace, R. Acousto-optic tunable filter. J. Opt. Soc. Am. 59, 744-747 (1969).

14. Park, H. & Crozier, K. B. Multispectral imaging with vertical silicon nanowires. Scientific Reports. 3, doi: 10.1038/srep02460 (2013).

w

SCIENTIFICREPORTS | 6:28665 | DOI: 10.1038/srep28665 8



www.nature.com/scientificreports/

15. Haneishi, H., Hasegawa, T., Hosoi, A., Yokoyama, Y., Tsumura, N. & Miyake, Y. System design for accurately estimating the spectral
reflectance of art paintings. Applied Optics. 39, 6621-6632 (2000).

16. Stigell, P, Miyata, K. & Hauta-Kasari, M. Wiener estimation method in estimating of spectral reflectance from RGB images. Pattern
Recognition and Image Analysis. 17, 233-242 (2007).

17. Nishidate, I., Maeda, T., Niizeki, K. & Aizu, Y. Estimation of melanin and hemoglobin using spectral reflectance images
reconstructed from a digital RGB image by the Wiener estimation method. Sensors. 13, 7902-7915 (2013).

18. Chen, S. & Liu, Q. Modified Wiener estimation of diffuse reflectance spectra from RGB values by the synthesis of new colors for
tissue measurements. Journal of Biomedical Optics. 17,0305011-0305013 (2012).

19. Shen, H., Cai, P, Shao, S. & Xin, J. Reflectance reconstruction for multispectral imaging by adaptive Wiener estimation. Optics
Express. 15, 15545-15554 (2007).

20. Shimano, N. “Recovery of spectral reflectances of objects being imaged without prior knowledge” Image Processing, IEEE
Transactions on. 15, 1848-1856 (2006).

21. Deglint, J., Kazemzadeh, F., Wong, A. & Clausi, D. A. Inference of dense spectral reflectance images from sparse reflectance
measurement using non-linear regression modeling. Proc. SPIE 9599, Applications of Digital Image Processing XXXVIII. 1,
95992G-95992G (2015).

22. Song, J., Kim, C. & Yoo, Y. Vein visualization using a smart phone with multispectral Wiener estimation for point-of-care
applications. Biomedical and Health Informatics, IEEE Journal of. 19, 773-778 (2015).

23. Nishidate, L. et al. Multispectral imaging of hemodynamics in exposed brain of rat during cortical spreading depression using
Wiener estimation method. European Conferences on Biomedical Optics. 1, 1-5 (2013).

24. Sadeghipoor, Z., Lu, Y. & Siisstrunk, S. Optimal spectral sensitivity functions for single sensor color imaging. Proc. SPIE 8299,
Digital Photography VIIL 1, 829904-829904 (2012).

25. Bayer, B. E. Color imaging array. United States Patent US 3,971,065. 1976 Jul 20.

26. Breiman, L. Random Forests. Machine Learning. 45, 5-32 (2001).

Acknowledgements
This work was supported by the Natural Sciences and Engineering Research Council of Canada, Canada Research
Chairs Program, and the Ontario Ministry of Research and Innovation.

Author Contributions

].D., EK. and A.W. conceived and designed the concept. .D. and A.W. designed the numerical demultiplexer. EK.
designed the spectral characterization system. ].D. and EK. performed the spectral characterization. J.D. and EK.
performed the experiments. ].D., EK., D.C. and A.W. performed the data analysis. All authors contributed to the
writing and editing of the paper.

Additional Information
Competing financial interests: The authors declare no competing financial interests.

How to cite this article: Deglint, J. et al. Numerical Demultiplexing of Color Image Sensor Measurements via
Non-linear Random Forest Modeling. Sci. Rep. 6, 28665; doi: 10.1038/srep28665 (2016).

This work is licensed under a Creative Commons Attribution 4.0 International License. The images
o oy other third party material in this article are included in the article’s Creative Commons license,

unless indicated otherwise in the credit line; if the material is not included under the Creative Commons license,
users will need to obtain permission from the license holder to reproduce the material. To view a copy of this
license, visit http://creativecommons.org/licenses/by/4.0/

SCIENTIFICREPORTS | 6:28665 | DOI: 10.1038/srep28665 9


http://creativecommons.org/licenses/by/4.0/

	Numerical Demultiplexing of Color Image Sensor Measurements via Non-linear Random Forest Modeling

	Methods

	Imaging apparatus. 
	Spectral characterization. 
	Forward modeling. 
	Numerical demultiplexer. 
	Quantitative performance assessment. 

	Results

	Discussion

	Acknowledgements
	Author Contributions
	﻿Figure 1﻿﻿.﻿﻿ ﻿ Spectral response of a Canon T3i APS-C CMOS image sensor with a Bayer pattern CFA.
	﻿Figure 2﻿﻿.﻿﻿ ﻿ A random selection of 150 test sensor measurements (shown here as patches in a chart) from the set of 10000 test sensor measurements.
	﻿Figure 3﻿﻿.﻿﻿ ﻿ The test icon used in the second set of experiments.
	﻿Figure 4﻿﻿.﻿﻿ ﻿ Sensor measurements of a scene consisting of flowers of different colors using real spectrally-characterized Canon T3i sensor with a Bayer pattern CFA used in the second set of experiments.
	﻿Figure 5﻿﻿.﻿﻿ ﻿ Three examples of simulated light spectra that were captured using the simulated sensor to obtain image sensor measurements (see Fig.
	﻿Figure 6﻿﻿.﻿﻿ ﻿ Two of the five true reflectance spectra (‘blue’ and ‘green’) from the test icon (see Fig.
	﻿Figure 7﻿﻿.﻿﻿ ﻿ Predicted reflectance spectra images at three specific spectral wavelengths (490 nm, 550 nm and 610 nm) for the scene of flowers with different colors used in the second set of experiments.



 
    
       
          application/pdf
          
             
                Numerical Demultiplexing of Color Image Sensor Measurements via Non-linear Random Forest Modeling
            
         
          
             
                srep ,  (2016). doi:10.1038/srep28665
            
         
          
             
                Jason Deglint
                Farnoud Kazemzadeh
                Daniel Cho
                David A. Clausi
                Alexander Wong
            
         
          doi:10.1038/srep28665
          
             
                Nature Publishing Group
            
         
          
             
                © 2016 Nature Publishing Group
            
         
      
       
          
      
       
          © 2016 Macmillan Publishers Limited
          10.1038/srep28665
          2045-2322
          
          Nature Publishing Group
          
             
                permissions@nature.com
            
         
          
             
                http://dx.doi.org/10.1038/srep28665
            
         
      
       
          
          
          
             
                doi:10.1038/srep28665
            
         
          
             
                srep ,  (2016). doi:10.1038/srep28665
            
         
          
          
      
       
       
          True
      
   




