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Abstract: With the development of computer science, more and more hardware implementations can be reproduced by software 
programming, bringing compact, cheap, and fast components to imaging instrumentation. In recent years, computational methods 
have been introduced into spectral detection, and computational spectrum acquisition implementations have emerged. This paper 
highlights the advantages of computational spectrum acquisition implementations by comparing them with traditional non- 
computational methods. Then, focusing on the compact feature, we review the most representative implementations, and finally 
make discussion and offer an outlook. 
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1  Introduction 

 
There has been a long history of spectral detec-

tion. The first spectral detection was made by Isaac 
Newton in 1665 (Newton, 1979), using triangular 
prism to divide sunlight into a rainbow-colored pat-
tern. However, quantitative spectrum measurement 
was not possible until 1859 when the first practical 
spectrometer was developed by Kirchhoff and Bun-
sen (1861). In the 1960s, with the development of 
semiconductor and photoelectronic devices, the direct 
reading spectrometer was born, making it more con-

venient to store and process spectral data. Since the 
1980s, with the arrival of two-dimensional (2D) 
charge coupled device (CCD) arrays, better optical 
design, improved electronics, and advanced manu-
facturing have all contributed to improving the per-
formance by over an order of magnitude, bringing 
spectrum acquisition instrumentation into a prosper-
ous era. Spectral imaging technology has been widely 
applied since that time (Hagen and Kudenov, 2013). 
However, conventional spectrometer and spectral 
imaging devices still suffer from many disadvantages, 
such as high cost, bulky volume, and heavy weight. 

In recent years, with the development of com-
puter science, more and more hardware implementa-
tions can be reproduced by software programming, 
bringing compact, cheap, and fast components to 
imaging instrumentation. As many computational 
methods have been introduced into spectral detection 
(Bangalore et al., 1996; Vigneau et al., 1997; 
Kurokawa et al., 2011; Rajwade et al., 2013), espe-
cially compressive sensing (Candès et al., 2006; 
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Donoho, 2006; Baraniuk, 2007; Candès and Wakin, 
2008) and computational reconstruction algorithms, 
the original disadvantages are expected to be over-
come. Moreover, a cheap, light, and small spectrum 
acquisition device can be widely applied, bringing 
down the threshold of spectrum detection to con-
sumers. It has become possible to realize portable 
sensing systems even on smartphone platforms (Das 
et al., 2016). 

Different kinds of computational spectral detec-
tion methods have been developed in recent years. In 
general, there are some sketchy principles for dis-
tinguishing whether a method is computational. First, 
computational spectral detection systems usually 
include spectral modulating or under sampling part 
for obtaining transformed spectral data. Second, 
complicated algorithms are adopted to extract spectral 
information from raw data. However, some non- 
computational implementations adopt more or less 
computational methods, such as de-noising algo-
rithms, super-resolution methods, and/or data map-
ping. Before attempting the comparison of computa-
tional methods of spectral detection, it is necessary to 
make a clear definition of computational methods. 

In this review, we are concerned with only those 
methods whose raw data can be understood by ap-
plying only a computational transform on it. Frankly 
speaking, the raw data acquired by system hardware 
looks nothing like the output data transformed by the 
software. This makes computation the kernel of the 
system, which distinguishes computational imple-
mentations from traditional spectral information ac-
quisition systems. The schematic is shown in Fig. 1. 
Among the qualifying implementations, we further 
focus on those methods that have the potential to 
achieve compact-enclosure, light-weight, and ubiq-
uitous spectrum detection. 

 
  

 
 
 
 
 

 
 
In this paper, we review many computational 

spectrometers and computational spectral imaging 
systems. Although traditional spectrometers and 

spectral imaging systems are rarely analyzed side by 
side because the physics behind them is different, in 
computational implementations, the principles are 
similar. Therefore, we treat both systems as compu-
tational spectral information acquisition systems. 

 
 

2  Computational spectrometer 
 
A spectrometer is the most typical instrument 

that detects the spectrum. It acquires one-dimensional 
(1D) spectral information. Based on the underlying 
operational principle, computational spectrometers 
can be classified as grating-based (Wolffenbuttel, 
2004; Chaganti et al., 2006) and filter-based  
spectrometers. 

2.1  Grating-based coded aperture spectrometer 

As shown in Fig. 2, a traditional grating-based 
spectrometer consists of five parts, i.e., slit entrance, 
collimating optics, dispersive element (usually grat-
ing), focusing optics, and detector array (Wolffen- 
buttel, 2004). Based on the dispersive characteristic 
of the grating element, the hardware system samples a 
slit part of a test light source and forms a spanned 
spectrum distribution on a detector array plane. The 
spectrum shape is thus acquired by measuring the 
intensity distribution of dispersed light. However, 
there is a major trade-off in slit-based dispersion 
spectrometer design, i.e., spectral resolution versus 
light throughput. Increasing light throughput in a slit 
spectrometer while maintaining the spectral resolu-
tion requires a taller slit and detector, thus increasing 
the size and cost of the system (Cull et al., 2007). A 
design that maximizes spectrometer throughput 
without sacrificing spectral resolution is regarded as 
having a Jacquinot advantage (large area or 
throughput) (Jacquinot, 1960). Using coded aperture 
and computational methods, the trade-off can be 
broken. 

In fact, the approach for realizing a coded aper-
ture spectrometer has been carried out for a long time. 
In the early 1950s, Golay (1949, 1951) created the 
first coded aperture spectrometer, and Girard (1963) 
made some improvements. With the mathematical 
methods developed, Hadamard-transform (HT) spec-
trometers became the majority of coded aperture 
spectrometers (Decker, 1971; Hansen and Strong, 
1972; Phillips and Briotta, 1974; Swift et al., 1976). 

Fig. 1  Comparison of spectral detection using non-
computational and computational methods 
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However, those HT spectrometers had only single- 
channel detectors or limited arrays of discrete detec-
tors and a mask motion part. As a result, they are 
complicated and hard to miniaturize. 

Gehm et al. (2006) presented a 2D coded aper-
ture method that is optimized for the spectral char-
acterization of diffuse sources, called a static multi-
modal and multiplex spectrometer (static MMS). 
Gehm et al. (2006) mathematically showed that 2D 
coding has to satisfy the orthogonality constraint. The 
design requirement can be met by basing the input 
aperture pattern on any family of orthogonal func-
tions. Notably, the noise level intrinsically increases 
when the continuous mask codes (harmonic and Le-
gendre basis) are applied as Parseval’s relation does 
not hold. Therefore, the discrete codes are preferred. 
By replacing the slit with an orthogonal column code 
based on a row-doubled Hadamard matrix, the system 
simultaneously increased the light throughput and 
signal-to-noise ratio (SNR) without sacrificing spec-
tral resolution. The distortion-corrected intensity 
image acquired through the coded aperture system is 
shown in Fig. 3. Compared with a slit spectrometer, 
the output increase of static MMS is about 10 times 
and the SNR increase is about 3.4 times. 

Gehm et al. (2007) improved the static MMS by 
replacing the dispersive element with a hologram 
grating, and changed the detector array from a mon-
ochromatic CCD to a color one (Cull et al., 2007). 
The hologram grating was designed to have three 
different spectral bands, with the central wavelength 
corresponding to blue, green, and red lights. Unlike 
other designs of multiplexing spectrometers, the 
grating periods are set to disperse the spectral range of 
each band fully across the detector instead of sepa-
rating spectral bands along the non-dispersing axis. 
Thus, the system was called a dispersion multiplexing  

 
 
 
 
 
 
 
 
 
 

 
 
 
 

 
spectrometer (DMS). These result in three spectral 
bands incident on the same detector pixels. Therefore, 
color CCD was selected to detect the spectrum. By 
separately reconstructing data from each color chan-
nel, the overlapped bands can be disambiguated. The 
data shifting induced by the spectral response dif-
ference between hologram grating and CCD Bayer 
filters was calibrated using a non-negative least- 
squares algorithm (Cull et al., 2007). The final de-
tected spectrum was compared with that obtained by 
an Ocean Optics USB 2000 spectrometer (Fig. 4). 
Note that the peak locations can be resolved clearly. 
Right after DMS, Feller et al. (2007) (the same team 
as Gehm) attempted to change the coded aperture into 
a 37-ordered modified uniformly redundant array 
(MURA) and named the system “multi-order coded 
aperture” (MOCA). The spectrum detection result of 
a neon pen lamp was compared with that obtained by 
an Ocean Optics USB 2000 spectrometer (Fig. 5). 

By applying multiplexing and computational 
reconstruction methods, the coded aperture spec-
trometer can measure an increased total spectral range 
with a small detector, which makes miniaturization 
easier. In fact, the DMS has a centimeter-sized shape 
(Fig. 6), which is comparable to the length of a key. 

2.2  Filter-based computational spectrometer 

The basic structure of a filter-based spectrometer 
is largely identical to that of a grating-based spec-
trometer, with a few minor differences. The hardware 
consists mainly of three parts, i.e., light collecting 
optics, filters, and detector(s). The light collecting 
part collects light rays from the test sample, making  

Fig. 2 Schematic of the traditional grating-based 
spectrometer 

Slit 
entrance

Collimating 
optics

Dispersive 
element

Focusing 
optics

Detector array

spectrum

Fig. 3  Intensity image (distortion corrected) acquired by 
static MMS 
Reprinted from Gehm et al. (2006), Copyright 2006, with 
permission from OSA 
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the optical parameters of incident light (such as in-
cident angle, flux, and stray light level) more suitable 
for filtering and detection. When the light transmits 
through the filters, different wavelength components 
are separated sequentially or spatially. Finally, each 
component is measured by the detector or detector 
array, and thus the spectral information of the test 
sample is acquired by the system. 

The most distinctive difference between com-
putational and traditional spectrometers is the filter. 
Conventionally, bandpass filters are chosen to per-
form a wavelength decomposition task. To achieve  

 
 
 
 
 

 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 

 
 

higher spectral resolution, more filters with narrower 
passband are used. This strategy increases the volume 
and complexity of the whole system. Meanwhile, 
light throughput goes down when the spectral re-
sponse curve gets narrow, resulting in a decreased 
SNR. In computational implementations, filters are 
broadband, which makes the raw data looks nothing 
like the original spectrum. However, by applying 
computational reconstruction algorithms, spectrum 
resolution can be resolved. Since broadband filters 
allow much more light to pass through, they allow the 
detection of the spectrum from a darker scene. Fur-
thermore, according to the compressive sensing the-
ory, it is possible to recover a sparse spectrum with a 
high probability using properly designed sensing 
filters, while the number of filters is much samller 
than that of the desired spectrum channels (recovering 
a higher-dimensional vector from a lower- 
dimensional vector), which is definitely a good ap-
proach for miniaturization. On the other hand, by 
applying a larger filter number, noise can be reduced 
using regularization algorithms (de-noising a lower- 
dimensional vector from a higher-dimensional vector), 

 

  
 

Fig. 4  Measurement result comparison between a dispersion multiplexing spectrometer (a) and a commercial spec-
trometer (b) 
Reprinted from Cull et al. (2007), Copyright 2007, with permission from OSA 

 

 
Fig. 5  Measurement results of a multi-order coded aperture (a) and a commercial spectrometer (b) 

Reprinted from Feller et al. (2007), Copyright 2007, with permission from OSA 

Fig. 6  Internal structure of the dispersion multiplexing 
spectrometer (DMS) (a) and DMS with keys to show the 
approximate size (b) 
Reprinted from Cull et al. (2007), Copyright 2007, with 
permission from OSA 
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which increases the SNR and makes the whole system 
more robust. 

2.2.1  Low-cost thin-film spectrometer 

Chang and Lee (2008) showed the achievability 
of a fine spectrometer on a chip based on a poor- 
performance and low-cost filter array. Fig. 7 shows 
the basic system model of the static filter array based 
spectrometer. An array of filters is directly placed on 
top of an array of photoelectric sensors such as CCD 
sensors. A filter may correspond to a CCD sensor or a 
group of CCD sensors. The outputs from the CCD 
sensors are then fed into a digital signal processor 
(Chang and Lee, 2008). Its hardware system structure 
is similar to that of a conventional filter-based spec-
trometer, and the only unique part is the spectral dis-
tribution curve of the filter array. As shown in Fig. 8, 
all filters are broadband and so-called low-cost filters. 
In the prototype system, the filter number is 40 and 
spectrum data is reconstructed by a non-negative 
constrained least-squares (NNLS) algorithm. Since 
Chang and Lee (2008) showed only the reconstruc-
tion results of a narrow-band Gaussian-shaped spec-
trum, we can conclude only that the prototype system 
can locate the center wavelength of a Gaussian- 
shaped spectrum at about 2 nm error level, while 
further quantitative evaluation cannot be carried out. 

Chang et al. (2011b) improved their software 
implementation and made a sophisticated analysis of 
reconstruction accuracy. A Gaussian kernel template 
was adopted into the reconstruction approach for 
noise reduction, and the algorithm was improved into 
an l1-norm minimization method. Comparisons were 
made among NNLS, the Tikhonov regularized non- 
negative least squares (TNNLS), and the l1-norm 
algorithm in both simulation and real measurements. 
A broadband sample (tungsten halogen light filtered 
through colored plastic) was added into the meas-
urement. In the same year, Chang et al. (2011a) in-
creased the filter number to 119 and applied the sys-
tem to accurate light emitting diode (LED) spectra 
measuring, achieving a mean absolute error of less 
than 1 nm for full width at half maximum (FWHM) 
and of less than 0.5 nm for center wavelength. The 
experiment presented the possibility of using a low- 
cost sensing system to match the performance of a 
laboratory quality optical spectrometer. However, it is 
noteworthy that the measurement accuracy level 

cannot represent the spectral resolution, since the 
system can handle only a single LED of a similar type. 
The measurement result depends highly on earlier 
stage training and selection of the Gaussian basis 
number, which limits application prospects. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 

 
 
 

 

 
Oliver et al. (2012) (the same team as Chang) 

exploited the sparse nature of a signal spectrum, 
showing that the resolution can be further improved 
beyond the limit set by the number of filters. Mir-
roring some of the works in compressive sensing (CS) 
(Candès et al., 2006; Donoho, 2006; Baraniuk, 2007; 
Candès and Wakin, 2008) with regard to the use of 
random matrices for signal acquisition and recovery, 
Oliver et al. (2013) redesigned the filters into a set of 
random transmittances. Using 40 filters, the recon-
struction mean square error (MSE) was controlled at 
under −5 dB when the spectrum channel number N 
goes up to 405. Moreover, the resolution can be im-
proved from 6.5 to 0.99 nm after filter redesign. 

Notably, the resolution was derived from an 
MSE-based definition, which effectively represents 
the genie-aided MSE level of sparse signal recon-
struction (Oliver et al., 2013). In other words, this 

Fig. 7  Schematic of the filter array based spectrometer
Reprinted from Chang and Lee (2008), Copyright 2008, with 
permission from OSA 

Fig. 8  Sensitivity responses of five spectral detectors
among 40 low-cost filters 
Reprinted from Chang and Lee (2008), Copyright 2008, with 
permission from OSA 
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resolution result fits only specific spectrum measur-
ing other than an arbitrary natural spectrum. However, 
the random thin-film filter (TF) design shows a  
7-fold resolution improvement compared with 
low-cost TFs, and this is beneficial to spectrometer 
miniaturization. 

Using a low-cost filter spectrometer structure 
and nanoimprint lithography technique, NanoLambda 
Inc. presented a miniaturized spectrometer product 
for skin tone measurement (Chang et al., 2014). The 
size of the main body part is only 7.5 mm× 
6.5 mm×5.7 mm. As shown in Fig. 9, the spectrome-
ter is extremely small and could be held on a finger. 
Although the spectral reconstruction accuracy is not 
perfect, when applied to skin tone measurement, the 
color accuracy reaches an average Δxy of 0.0037 after 
xyz calibration, which is excellent for consumer use. 

 
 
 
 
 
 
 
 
 
 
 

 
 

2.2.2  Etalon-based spectrometer 

In a broad sense, etalons have the spectrum fil-
tering characteristic. Here, we treat the Fabry-Perrot 
etalon-based spectrometer as a kind of filter-based 
spectrometer. Since the etalon has a wavelength se-
lectivity of multiple wavelengths, it can be catego-
rized as a generalized broadband filter. A spectrome-
ter which uses the broadband characteristic of etalons 
is a computational spectrometer. Traditionally, etalon- 
based spectrometers always contain a scanning me-
chanical part, which is a hindrance for miniaturization 
(Yetzbacher et al., 2014). Huang et al. (2017) pre-
sented a miniaturized method of etalon-array recon-
structive spectrometry (EARS) by integrating etalons 
with different thicknesses in front of a CCD, realizing 
a compact hardware layout. The system structure is 
shown in Fig. 10. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

 
In detail, the semi-reflecting surfaces are 30-nm 

silver films (reflection is about 0.7), and the optical 
spacing layer is a 700-nm SiO2 layer under a 10×10 
PMMA step-structure with a thicknesses of 
0.8–2.8 μm, for a total cavity thickness variation of 
1.5–3.5 μm in 100 steps (Huang et al., 2017). The 
cavity array was placed above the CCD sensor. The 
achievable resolution is determined by the thickness 
range and finesse of the etalons. The EARS system 
reaches a sampling period of 4 nm, and equivalently 
offers a spectral resolution of 8 nm under the Nyquist 
sampling principle. However, if the signal is known to 
be sparse on a particular basis, by adopting the nature 
of compressive sensing, the resolution could exceed 
the resolution limit. For example, if the signal is 
known to be a laser source, the wavelength center 
positional accuracy is as high as 0.12 nm. 

The cavity array makes the EARS system a step 
further on the road to miniaturization. As presented in 
Fig. 11, the size of the cavity array is 5 mm×5 mm, 
smaller than a dime. However, the experimental setup 

Fig. 9  Miniaturized spectrometer presented by Nano-
Lambda Inc. 
Reprinted from NanoLambda Inc. (https://nanolambda.
myshopify.com), Copyright 2019, with permission from 
NanoLambda Inc. 

Fig. 10  System schematic of etalon-array reconstructive 
spectrometry: (a) an etalon consisting of two semi-
reflecting surfaces with reflectivity R separated by an 
optically transparent medium of index n and thickness d
(Light reflecting between the two surfaces interferes with 
itself, creating a characteristic transmission pattern);
(b) two etalons of different thicknesses (d1 and d2) that will 
have uniquely encoded transmission patterns; (c) a CCD 
detector positioned under an etalon array with a unique 
thicknesses that will record the encoded light after it is 
transmitted through the etalons 
Reprinted from Huang et al. (2017), Copyright 2017, with 
permission from Springer Nature, licensed under CC BY 4.0
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is still large-sized for better light control and better 
measurement performance (Huang et al., 2017). By 
applying a complementary metal oxide semiconduc-
tor (CMOS) compatible fabrication process of Fabry- 
Perot resonators, a single-chip optical spectrometer 
can be realized (Correia et al., 2000). 

 
 
 
 
 
 
 
 
 
 
 
 
 

2.2.3  New material filter spectrometer 

The development of material science and nano- 
manufacturing technology brings more degrees of 
freedom for physical variable manipulation, and 
spectral modulation achieves many new approaches. 
New material-based methods overcome some of the 
limitations brought by traditional manufacturing, 
broadening the boundary of spectral detection. Here, 
we briefly introduce several representative new ma-
terial based filter spectrometer implementations. 

1. Quantum dot spectrometer 
Bao and Bawendi (2015) presented a broadband 

quantum dot filter based spectrometer. By replacing 
interferometric optics with a 2D absorptive filter 
array composed of 195 colloidal quantum dots 
(CQDs), the miniaturized spectrometer reaches a 
spectral resolution of 1 nm with a measurement range 
of 300 nm. Owing to the similar basic structure, the 
quantum dot spectrometer shares all advantages with 
the broadband filter spectrometer. The spectrum 
channel number and spectral range can be increased 
simultaneously by increasing the number of different 
CQDs used in the filter array without sacrificing the 
total photon efficiency. Furthermore, due to the 
spectral isotropy property of the quantum dot material, 
a quantum dot spectrometer can analyze the light 
from a source with a wide angular distribution while 
maintaining the spectral resolution, which is a chal-

lenge for a traditional filter based spectrometer due to 
a high angle sensitivity of optical filters. 

The spectrum reconstruction measurement re-
sults are shown in Fig. 12. The quantum dot spec-
trometer can reproduce all the major features of the 
spectra. The quantum dot spectrometer works on the 
basis of light absorption characteristics, which is the 
most reliable property of CQDs. This not only makes 
it more environment-friendly, but also increases the 
stability, which is very critical for a commercial 
spectrometer. 

CQD filter arrays are fabricated by tightly 
printing small drops of CQD/PVB solutions close 
together onto a glass cover slip with an automatic 
pipette. Fig. 13 shows the CQD filter array. Each dot 
is a CQD filter made of one type of CQD material 
embedded in a polyvinyl butyral thin film. The size of 
each filter is about 0.5 mm across. As shown in 
Fig. 14, a quantum dot micro-spectrometer in the 
form of a digital camera with electronics and circuits 
has a size comparable to that of a US quarter. 

2. Plasmonic metasurface spectrometer 
Metasurfaces has been a hot spot research topic 

recently, and metasurface-based spectrometry has 
been developed. Most developments use metasur-
faces as dispersive elements to split different wave-
length components (Li et al., 2015; Shaltout et al., 
2015; Faraji-Dana et al., 2018). Craig et al. (2018) 
developed a plasmonic metasurface based spectrom-
eter, using an array of plasmonic metasurfaces 
(Fig. 15) that act as broadband filters for spectrum 
modulation. The light emitted from the test sample 
transmits through the filter array plate, and the inten-
sity behind each antenna is measured. Using a recur-
sive least-squares (RLS) algorithm (Hayes, 1996), the 
spectrum of the test sample is finally determined. 

Each metasurface filter consists of a square array 
of gold blocks on a double-sided polished undoped 
silicon (Si) substrate. Thinking about the gold blocks 
as resonant antennas (Crozier et al., 2003; Adato et al., 
2009; Kats et al., 2013), one would expect a dip in 
transmission under a certain wavelength, while the 
resonant wavelength is proportional to the antenna 
length. By varying the period of antennas in each 
filter unit cell, a metasurface filter array with different 
spectral transmittances can be manufactured. Fig. 16 
shows the transmission spectra of all 116 filters. It can 
be seen that those filters are all broadband filters. 

Fig. 11  Photograph of the cavity array in an etalon-array 
reconstructive spectrometry: (a) a photo of the fabricated 
10×10 etalon array next to a dime for scale; (b) a color 
photograph of the etalon array back-illuminated by room 
fluorescent lighting, showing cavity-dependent color 
transmission 
Reprinted from Huang et al. (2017), Copyright 2017, with 
permission from Springer Nature, licensed under CC BY 4.0
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Fig. 13  Colloidal quantum dot (CQD) materials in the 
form of filters 
Each dot is a CQD filter made of one type of CQD material 
embedded in a polyvinyl butyral thin film. Reprinted from
Bao and Bawendi (2015), Copyright 2015, with permission 
from Springer Nature 

Fig. 14  A quantum dot micro-spectrometer in the form of 
a digital camera with electronics and circuits 
Reprinted from Bao and Bawendi (2015), Copyright 2015, 
with permission from Springer Nature 

Fig. 12  Quantum dot spectrometer measurements: (a–d) quantum dot spectrometer measurements of broadband spectra 
(crosses) and reference spectra (solid lines) using a commercial spectrometer; (e) fluorescent emission of five CQD sam-
ples under ultraviolet excitation; (f) measurements (markers) using the quantum dot spectrometer of the emission spectra 
of the five CQD samples shown in (e), and reference spectra (solid lines) using a spectrofluorometer; (g, h) measurements 
of monochromatic light spectra 
The peak positions of the six monochromatic lights in (g) are 400, 450, 500, 550, 600, and 650 nm. The peak positions of the six 
monochromatic lights in (h) are 500, 501, 502, 503, 504, and 505 nm. The inset of (h) compares the measured spectrum of the 
500 nm monochromatic light with crosses and the reference spectrum with solid line. Reprinted from Bao and Bawendi (2015), 
Copyright 2015, with permission from Springer Nature 

Fig. 16  Measured transmission spectra for all 116 filters
in a plasmonic metasurface spectrometer 
Reprinted from Craig et al. (2018), Copyright 2018, with 
permission from OSA 

Fig. 15  Schematic of the filter array in a plasmonic 
metasurface spectrometer 
Reprinted from Craig et al. (2018), Copyright 2018, with 
permission from OSA 
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The reconstruction results are shown in Fig. 17. 
The plasmonic metasurface spectrometer offers a 
broad spectral detection range over the short- to 
long-wave infrared (1.5–19 μm), which is far beyond 
that of miniaturized spectrometers. However, the 
intensity is detected by a Fourier-transform infrared 
(FTIR) spectrometer because of the difficulty of 
manufacturing a miniaturized and broadband infrared 
detector array, making the plasmonic metasurface 
spectrometer only a proof-of-concept system. The 
future integration of the filter array with such a de-
tector array could form the basis for light-weight, 
portable, and inexpensive infrared spectrometers 
(Craig et al., 2018). 

 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
3. Photonic crystal slab spectrometer 
Photonic crystal (PC) material is a hotspot in the 

research field. PC has been applied into spectrum 
detection during past decades (Wolffenbuttel, 2004; 
Momeni et al., 2009; Pervez et al., 2010; Redding 
et al., 2013; Kita et al., 2018). However, most of these 
implementations are waveguide coupled, which limits 
the detection flexibility (due to the strict angular 
coupling restriction). Wang Z et al. (2019) presented a 
free-space coupled on-chip spectrometer based on 
photonic crystal slabs. They claimed this to be com-
pletely CMOS compatible and mass producible at low 
cost. 

Briefly, the working principle of a PC slab 
spectrometer is that simple PC slabs play the role of 
an optical resonator which modulates the spectrum, 
and that the CMOS detector measures the intensity. 
By fabricating a PC slab array with different perio-
dicities, lattice constants, and hole sizes on top of a 
CMOS imaging sensor, a PC slab spectrometer can be 
made. However, unlike microcavities, PC slabs create 
a transmission spectrum with rich spectral features 
because of the multiple resonance effects. The de-
tected spectrum has to be reconstructed by computa-
tional algorithms. Wang Z et al. (2019) adopted a 
regularized linear regression algorithm for spectrum 
reconstruction. The system structure is shown in  
Fig. 18, while the reconstruction results are shown in 
Fig. 19. 

In Fig. 18, the PC slab spectrometer is extremely 
small. Each of the spectrometer is around 200 μm on a 
side. Wang Z et al. (2019) demonstrated the potential 
of PC slab spectrometers for single-shot hyperspectral 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 18  Micro-spectrometer based on photonic crystal 
(PC) slabs: (a) schematic of the spectrometer, which con-
sists of an array of PC slabs with different parameters;
(b) optical image of the fabricated 6×6 PC structures;
(c) measured transmission spectra T(λ) of the three 
structures in (b) 
In (a), these slabs are integrated on top of a CMOS sensor 
array. In (b), three scanning electron microscopy (SEM) im-
ages of selected PC slab structures marked by red, orange, and 
green frames are shown on the side. In (c), for each PC slab, 
the corresponding T(λ) is characterized using a monochrom-
ator. References to color refer to the online version of 
this figure. Reprinted from Wang Z et al. (2019), Copyright 
2019, with permission from Springer Nature, licensed under 
CC BY 4.0 

Fig. 17  Reconstruction results of a plasmonic metasurface 
spectrometer generated by passing light from the globar 
through double-sided polished undoped silicon (Si) (a),
single-sided polished doped Si (b), glass (c), and polyeth-
ylene (d) 
Reprinted from Craig et al. (2018), Copyright 2018, with 
permission from OSA 
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hyperspectral imaging by fabricating 10×10 identical 
spectrometers on a silicon-on-sapphire substrate. 

PC slabs can be fabricated via single exposure 
photolithography and require only standard CMOS 
materials. As the spectral response functions are en-
tirely extrinsic and are enabled by structures instead 
of material properties, the concept can be applied to 
any wavelength range by scaling the dimension of the 
PC, giving this implementation an important potential 
for the miniaturized spectrometer. 
 
 
3  Computational spectral imaging 

 
Compared with spectrometers, spectral imaging 

acquires a 3D data cube that involves spatial (x, y) and 
spectral (λ) information. A spatial resolution makes 
spectral data more intuitive. Therefore, one can con-

veniently acquire the spatial distribution of spectral 
information. Spatial distribution information may be 
more important than a high spectral resolution in 
certain applications, such as geological survey and 
crop disease assessment. However, the acquisition of 
3D information is a complicated task, because spatial 
and spectral data is usually acquired through different 
methods, and the simultaneous acquisition for spatial 
and spectral data increases system complexity. Tradi-
tional spectral imaging methods multiplex spatial and 
spectral dimension by adopting either time division or 
space division, which brings trade-offs between 
spectral and spatial resolutions (or frame rate). 

To address the above problems, computational 
methods can be applied. With the development of 
compressive sensing theory, the acquired data can be 
highly compressed. Here, we categorize computa-
tional spectral imaging methods into two parts, i.e., 
computation (or specifically, compression) in the 
spectral (λ) dimension and computation in the spatial 
(x, y) dimension. In this section, we focus on those 
implementations that adopt computational methods to 
realize a miniaturized and ubiquitous spectral imag-
ing system. 

3.1  Computation in spectral (λ) dimension 

The most straightforward way to transform 
spectrometry into a spectral imaging device is to di-
rectly use a spectrometer to acquire the spectrum of 
each pixel and then combine the data into a spectral 
image. By applying computational methods, spatial or 
temporal work on spectrum detection can be com-
pressed, and the spatial resolution or frame rate will 
be improved dramatically. In fact, any imaging 
methods using spectrometers in Section 2 can be 
regarded as computational spectral imaging that car-
ries out computation in the spectral dimension. 
However, computational spectrometers are usually 
invented afresh, and there are few attempts for spec-
tral imaging. The only exception mentioned in Sec-
tion 2 is the PC slab spectrometer, realizing a spatial 
resolution of 10×10 pixels, which is not comparable 
to those of traditional imaging spectrometers. More-
over, a spatial scanning imaging system usually con-
tains moving parts like galvanometers, which are 
fragile. 

Among implementations without moving parts, 
the snapshot hyperspectral imaging Fourier transform 

Fig. 19  Recovery of broadband spectra: (a) measurement
of the emission spectrum of a combination of two LEDs 
(green and red); (b) measurement of the emission spec-
trum of a multimode LED (orange/red); (c) measurement 
of a white light beam passing through two filters; 
(d) measurement of a white light beam passing through a 
single bandpass filter 
The appearance color of the filtered light in (d) is the same as
that of the recombined light in (c). For all four cases, the 
measurement results using the PC spectrometer (circled lines) 
match well the reference spectra obtained by a commercial 
monochromator (red solid line). M: mirror; F: filter; BS: 
beam splitter. References to color refer to the online version 
of this figure. Reprinted from Wang Z et al. (2019), Copyright 
2019, with permission from Springer Nature, licensed under 
CC BY 4.0 
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(SHIFT) spectrometer (Kudenov and Dereniak, 2012) 
may be considered a computational method, as the 
reconstruction process is necessary for spectrum de-
tection. However, the spectral information is not 
compressed, because the reconstruction is carried out 
by the Fourier transform. 

1. Computed tomography imaging spectrometry 
A typical computational approach is the com-

puted tomography imaging spectrometry (CTIS). 
This concept was independently invented by Oka-
moto and Yamaguchi (1991) and Bulygin and Vish-
nyakov (1992). After years of development, the first 
high-resolution CTIS was developed by Ford et al. 
(2001). Using a 2048×2048 CCD camera, the spatial 
resolution reached 203×203 pixels and the spectral 
channel number was 55. In CTIS systems (Fig. 20), 
the mixing of spatial and spectral data varies at dif-
ferent positions on the detector by adopting a 2D 
dispersion element. The aliasing compresses the 
spectral and spatial data into a single shot, and the 
spectral image can be reconstructed by tomographic 
algorithms. In this way, the system layout becomes 
more compact. 

 
 
 
 
 
 
 
 
 
 
 
However, non-coded aliasing, calibration diffi-

culty, and measurement artifacts result in a relatively 
poor spectral performance, and the difficulty in 
manufacturing the kinoform disperser hinders the 
CTIS system from wide use (Hagen and Kudenov, 
2013). 

2. HyperCam 
Goel et al. (2015) designed a product named 

“HyperCam” for ubiquitous spectral imaging. It has a 
simple system structure, i.e., a 17-LED light source, a 
driver board, and a CMOS camera (Photo of the sys-
tem is available from Goel et al. (2015)). Each part is 
of low cost and is designed for consumer use. The 
frame rate goes from 9 to 150 frames/s depending on 

the number of channels used, and the spatial resolu-
tion is 1280×1024.  

The narrowband LEDs were empirically selected 
to cover the camera sensitivity range. The spectral 
power distribution curves of LEDs are available from 
Goel et al. (2015). These spectral curves can be re-
garded as poor conditions in traditional spectral de-
tection, and thus the spectral resolution is not ex-
pected to be high. Instead of pursuing spectral recon-
struction accuracy, Goel et al. (2015) optimized the 
system in an application-oriented way. Much software 
computational work has been done for two different 
applications, i.e., user-specific feature acquisition in a 
multi-user interaction system and food monitoring.  

In the first application, the multi-channel image 
was acquired and then computed to form an immersed 
image that emphasizes the hand feature. Through the 
evaluation, we can see that this approach is successful 
at reliable distinguishment between five users at a 
time, which is suitable for most multi-touch surface 
systems. The second application is more familiar and 
the system correctly predicted relative ripeness at an 
accuracy of 94% (while the accuracy is only 62% 
using the RGB images) (Goel et al., 2015). 

The design of HyperCam shows the possibility 
of ubiquitous spectral imaging. Although the spectral 
performance of such devices is not promising, we 
believe that with the development of hardware design 
and machine learning algorithms, low-cost spectral 
imaging devices may be widely used in specific 
recognition applications. 

3.2  Computation in spatial (x, y) dimension 

Following the appearance of the single pixel 
imaging concept (Takhar et al., 2006; Duarte et al., 
2008) derived from compressive sensing (Candès 
et al., 2006; Donoho, 2006; Baraniuk, 2007; Candès 
and Wakin, 2008), a new imaging scheme has been 
developed to acquire an image with compressed 
sampling. Using a spatial light modulator (SLM) to 
generate changeable spatial coding, the image can be 
reconstructed from a single pixel detector by adopting 
an l1-norm minimization algorithm. Moreover, the 
acquired data can be extremely compressed if the 
scene is somehow “sparse,” and this is beneficial to 
spectral imaging. Using a spectrometer as a single 
pixel detector, a spectral image can be acquired under 
this structure. Attempts have been made during the 

Fig. 20  System layout of a computed tomography imaging 
spectrometer 
Reprinted from Hagen and Kudenov (2013), Copyright 2013, 
with permission from SPIE, licensed under CC BY 3.0 



Song et al. / Front Inform Technol Electron Eng   2020 21(8):1119-1133 
 

1130

last decade (Sun and Kelly, 2009; Soldevila et al., 
2013; Kuiteing et al., 2014). 

The earliest and most representative implemen-
tation is the coded aperture snapshot spectral imager 
(CASSI) system. Unlike single pixel imaging, the 
CASSI system develops a different structure and 
makes better use of compressive sensing for spectral 
imaging. The concept of CASSI was derived from the 
coded-aperture spectrometer (Gehm et al., 2007; 
Willett et al., 2007; Wagadarikar et al., 2008). As 
introduced in Section 2.1, a static MMS allows 
de-multiplexing during reconstruction processing 
without sacrificing the spectral resolution by taking a 
column orthogonal matrix as a coded mask. Adopting 
compressive sensing theory, the coded mask is 
changed into a random binary matrix, and the recon-
struction algorithm becomes more complicated. As 
shown in Fig. 21, the major components of the CASSI 
system are similar to those of the static MMS. A 
coded aperture mask modulates a data cube into a 
randomly hollowed shape in the spatial dimension, 
and a dispersive element shifts the cube across the 
wavelength dimension. The 2D detector array 
measures the intensity image, which is formed by 
projecting the shifted data cube along the wavelength 
dimension. If this code satisfies the requirements of 
compressive sensing, then the object data cube can be 
sufficiently estimated using compressive sensing 
reconstruction algorithms (Gehm et al., 2007). With 
proper hardware design, the whole system can be 
made compact, and the acquired data is highly com-
pressed due to the use of the compressive sensing 
method. Furthermore, this snapshot imaging system 
can realize a capture ability of the video frame rate 
with a resolution at the same order as the detector. 
Wagadarikar et al. (2009) showed that CASSI can 
capture 248×248×33 data cubes at 30 frames/s. 

A number of improved CASSI systems emerged 
after the presentation of the prototype, such as dual- 
camera design for improving resolution and reducing 
reconstruction complexity (Wang LZ et al., 2015, 
2017), colored coded aperture design for improving 
spectral compression efficiency (Arguello and Arce, 
2014; Rueda et al., 2015; Hinojosa et al., 2016; Diaz 
et al., 2018), code aperture pattern optimization for 
increasing spatial resolution and reconstruction speed 
(Arguello and Arce, 2011), reconstruction algorithm 
improvement for specific scene applications  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

(Arguello et al., 2013; Rajwade et al., 2013; Galvis 
et al., 2017), and hardware extension for multidi-
mensional imaging (Gao and Wang, 2016; Ren et al., 
2018). CASSI and the underlying mathematical 
methods have developed a lot during the past decade, 
and we expect this method to be a potential approach 
for ubiquitous spectral imaging. 

 
 

4  Conclusions 
 
Spectral information acquisition technology has 

developed rapidly over past decades. Thanks to the 
application of new materials and computational al-
gorithms, many new implementations have emerged, 
showing us new possibilities in spectrometers and 
spectral imaging. Compared with traditional devices, 
most of computational spectroscopy devices may still 
work at low accuracy. However, from the view of 
ubiquitous applications, such as smartphone-based 
detection or spectrum-based recognition, this defect 
becomes less critical. Instead, these methods are 
highlighted by their low cost, light weight, and 
compact enclosures. These advantages are always 
more attractive than pursuing a perfect performance 
in such applications. Efforts have been made in recent 
years for consumer used spectral detection. We be-
lieve that the co-design of hardware and the compu-
tational algorithm will lead to the wide use of spectral 

Fig. 21  Schematic of the coded aperture snapshot spectral 
imager (CASSI) system 
Top: system layout for a CASSI, showing only the single-
disperser configuration. Bottom: pattern on the detector array 
due to imaging a coded aperture mask through a disperser for 
an object that emits only three wavelengths (the wavelengths 
used in the example image here are the shortest, middle, and 
longest wavelengths detected by the system). Reprinted from 
Hagen and Kudenov (2013), Copyright 2013, with permission 
from SPIE, licensed under CC BY 3.0 
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information, and that with the developments of the 
Internet of Things (IoT) and artificial intelligence 
(AI), ubiquitous spectrometers and spectral imaging 
will bring benefit to humankind. 
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