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Abstract—Hyperspectral imaging critically serves for various
fields such as remote sensing, biomedical and agriculture.
Its potential can be exploited to a greater extent when
combined with deep learning methods, which improve the
reconstructed hyperspectral image quality and reduce the
processing time. In this paper, we propose a novel snapshot
hyperspectral imaging system using optimized diffractive
optical element and color filter along with the residual
dense network. We evaluate our method through simulations
considering the effects of each optical element and noise.
Simulation results demonstrate high-quality hyperspectral
image reconstruction capabilities through the proposed com-
putational hyperspectral camera.

Index Terms—Hyper-spectral Imaging, Computational Imag-
ing, Deep Learning, Residual Learning

1. INTRODUCTION

Hyperspectral imaging (HSI) has attracted much at-
tention over the last few decades because it has shown
tremendous improvements in image-related applications
from remote sensing to various applications [1]. A hyper-
spectral image is in the form of data cube consisting of
a two-dimensional spatial domain and a one-dimensional
spectral domain. Since the sensors in conventional cam-
eras are two-dimensional, additional processes or optical
elements are required to capture a hyperspectral data cube.

The traditional approach is the scanning method,
which scans along one axis, e.g., line scanning, point
scanning, or area scanning. Accumulating measures can
restore them to cube form, but it takes a long time to
acquire. Snapshot imaging methods instead can obtain
an entire data cube within a single detector integration
period via an additional optical element [2]. Such methods
rely on acquiring a multiplexed image of the data cube,
and solving an ill-posed reconstruction problem adopting
techniques from inverse imaging to obtain the original
hyperspectral data.

Many state-of-the-art methods utilize coded aperture
snapshot spectral imaging (CASSI) [3] as a camera model,
along with various reconstruction methods, from iterative
optimization to deep learning methods. We group the
existing methods in three different categories. The first
group of methods adopt a combination of CASSI and an
iterative optimization method [4]–[6]. Iterative methods
are theoretical approaches that can alleviate ill-posedness.
They are very flexible methods, but they require exhaus-
tive parameter tuning and heavy computations. The second
group of methods use a combination of CASSI and a

deep learning method [7], [8]. Deep learning approaches
present significant improvement in spatial-spectral image
quality and computation time compared to the iterative
optimization methods. The last group of methods addi-
tionally propose to replace the CASSI system with a
snapshot camera based on novel optical elements such
as diffractive optical elements (DOEs) [9], [10]. DOE
offers a significantly more compact solution as it can
replace several optical elements of CASSI including the
coded aperture, relay optics, and dispersive elements, en-
abling arbitrary modifications to the system point spread
function (PSF). Moreover, the design of the DOE can
be incorporated into the deep learning framework via a
fully differentiable simulation model leading to an optimal
solution, a paradigm which has been utilized extensively
in recent works, see e.g. [11].

In this paper, we propose an end-to-end computational
hyperspectral imaging system using DOE-based snapshot
imaging followed by residual dense network (RDN) [12].
The suggested camera model includes a refractive lens, a
DOE, and a color filter on top of the sensor, where the
latter two are jointly learnt with the RDN based on ex-
isting HS image datasets. The hybrid refractive-diffractive
optics relieves the learning task in terms of DOE, which
enables larger imaging apertures, yet it remains to have
compact form-factor.

The rest of the paper is organized as follows. In
Section 2, we explain the proposed method in more detail.
In Section 3, we evaluate our method through simulation
results. Lastly, the conclusions are in Section 4.

2. PROPOSED METHOD

Figure 1. Schematic diagram of the proposed method.

The overview of the proposed method is illustrated in
Fig. 1. It consists of a differentiable, wave optics-based
simulation module to mimic the sensor image formation
in the presence of HS data, as well as an inverse imaging
stage to reconstruct the HS cube back from the sensor
measurements. The camera model includes a refractive
lens, a DOE, and a color filter on top of the sensor. The re-
construction model is based on the residual dense network
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(RDN) [13]. In the forward pass of each training instance,
the input HS data, f , is first converted to the sensor image,
g, via the camera model, which is then given into RDN
to output the predicted HS data, f̂ . The network output
is compared with the input HS data via a loss function.
The network, the color filter and the DOE parameters
are then updated by using backpropagation starting from
the loss and applying gradient descent. Thus, we jointly
optimize the parameters of the camera, specifically the
DOE and the sensor color filter, and the reconstruction
network in an end-to-end manner. Once the training is
finalized, the camera simulation model is replaced with
the actual, physical implementation of the HS camera. The
reconstruction network then takes as an input the sensor
image obtained by the camera to solve for the HSI of the
scene. In the following, we present each stage in details.

2.1. Camera Model

The output sensor image g(x, y) of the camera model
is the 2D convolution of the HS data cube with the
wavelength-dependent PSF, p(x, y, λ), followed by the
spectral modification via a color filter, κ(x, y, λ), i.e.

g(x, y) =

∫∫∫
f(η, ξ, λ)p(x−η, y−ξ, λ)dηdξκ(x, y, λ)dλ,

(1)
where f(x, y, λ) is the input hyperspectral image pro-
jected onto the camera sensor plane. In practice we have
the discrete model:

g =
∑
λ

(fλ ∗[x,y] pλ)⊙ κλ + e, (2)

where ∗[x,y] is the discrete 2D convolution operator over
(x, y), ⊙ is the Hadamard (element-wise) multiplication, e
is the noise, and the bold symbols indicate matrix format.
From here, we discuss p(ξ, η, λ) and κ(x, y, λ) through
the camera model description based on the paraxial wave
optics as illustrated in Fig. 2.

Figure 2. The proposed camera model.

Let us start with a monochromatic point source with
wavelength λ, which is propagated to the lens plane
(x′, y′). Under the paraxial approximation, the wavefield
just before the refractive lens is found as [14]

U−
λ (x′, y′, z = 0) =

1

iλzf
exp

[
ik

2zf
(x′2 + y′2)

]
, (3)

where k = 2π/λ is the wave number, and zf is the
distance between the point source to the lens plane. After

the refractive lens and the DOE, the wavefield is modified
as

U+
λ (x′, y′, z = 0) = U−

λ (x′, y′, zf )A(x′, y′)

exp{iϕd
λ(x

′, y′)} exp{iϕl
λ(x

′, y′)},
(4)

where A(x′, y′) is the circular aperture function of the
refractive lens and DOE, and ϕd

λ(x
′, y′) and ϕl

λ(x
′, y′) are

the phase shift introduced by the DOE and the refractive
lens at the wavelength λ, respectively. We consider the
distance between the refractive lens and DOE as negligi-
ble.

The wavefield U+
λ (x′, y′, zf ) continues the propaga-

tion over a distance zi to the sensor from the lens plane.
The wavefield on the sensor plane is then found using
Fresnel diffraction integral as

Uλ(x, y, zi) =
exp(ikzi)

iλzi

∫∫
U+
λ (x′, y′, 0)

exp

[
ik

2zi
{(x− x′)2 + (y − y′)2}

]
dx′dy′.

(5)
Finally, the incoherent PSF, p(x, y, λ), is the intensity of
Uλ(x, y, zi). After some algebraic manipulations to (5),
the PSF can be expressed as

p(x, y, λ) ∝
∣∣∣∣F{

A(x′, y′) exp(iϕd
λ(x

′, y′))

exp

[
ik

2

(
1

zf
+

1

zi
− 1

fλ

)
(x′2 + y′2)

]}∣∣∣∣2,
(6)

where we use the thin lens model for ϕl
λ(x

′, y′), and F
denotes the Fourier transform. Note that this is a simplified
expression after substituting U+

λ (x′, y′, 0) with (3) and (4)
and omitting the constants. Assuming that the scene is
located at infinity, i.e. zf = ∞, we set zi = fλ0

, where
λ0 is the nominal (optimization) wavelength. If we further
employ a refractive lens free from the chromatic aberra-
tion, i.e. fλ = fλ0

for each λ, the second exponential term
of (6) disappears, leaving only the wavelength-dependent
phase shift caused by DOE inside the Fourier transform.

The phase delay by the DOE, ϕd
λ(x

′, y′), is a learning
parameter inside the training network. For a transparent
diffractive element, the wavelength dependent phase delay
is related to the height profile, h(x′, y′), as

ϕd
λ(x

′, y′) = k∆nλh(x
′, y′), (7)

where ∆nλ indicates the refractive index difference be-
tween air and the DOE material in wavelength, λ. Using
such identity, we optimize for a nominal wavelength λ0,
from which the phase delay at an arbitrary wavelength λ
is calculated as

ϕd
λ(x

′, y′) = ϕd
λ0
(x′, y′)

λ0∆nλ

λ∆nλ0

. (8)

In addition to the DOE, we also employ a color filter
that is placed on top of the sensor to further modify the
hyperspectral datacube. The spectral response of the filter
at each pixel location, κ(x, y, λ), is set as an optimization
parameter. In practice, we approximate the continuous
spectral response function by optimizing for a discrete



Figure 3. The utilized reconstruction network.

set of wavelength values. In addition, the color filter is
assumed to be repeating with a period m, i.e.,

κ(x, y, λ) = κ(x+m∆x, y +m∆, y, λ). (9)

The period size is another hyperparameter determined by
the experimental approach described in Section 3. The
design of the color filter involves the following steps:
First, the color filter values within a period are initial-
ized to uniformly distributed random numbers. Next, the
values are updated with the sensor spectral function in
Eq. 9. At each instance of the training, the color filter
is regulated by rectifying linear unit (ReLU) to ensure a
non-negative response. Lastly, it is normalized over the
spectral dimension so that

∑
λ κ(x, y, λ) = 1.

2.2. Reconstruction Network

Reconstruction network recovers the hyperspectral im-
age f̂ ∈ RNx×Ny×Nλ from the sensor image g ∈
RNx×Ny . The utilized reconstruction network is residual
dense net (RDN) as illustrated in Fig. 3. It consists of
four parts, two 2D convolutional layers of 3×3 spatial
size; four dense connected layers with skip connections,
i.e., C = 4, where each sub-block contains a convolu-
tional layer of 3×3 spatial size with ReLU activation
function; a concatenation layer for combining features
at each layer followed by a 1×1 convolution; and after
an additional 1×1 convolutional layer, two 3×3 convo-
lutional layers with summations. The arrow symbols in
Fig. 3 indicate skip connections. Prior to RDN, we first
perform a so-called tentative reconstruction by applying
a 1×1 convolution onto the sensor image g. The output
f̂0 ∈ RNx×Ny×Nλ is then refined through RDN to get the
final prediction f̂ .

The residual learning scheme is widely used in im-
age processing applications: image restoration [15]–[17],
image classification [18], image denoising [13], [19], and
super-resolution [20]. The skip-connection mechanism of
residual learning allows for better feature extraction be-
tween layers and long-term memory effects through con-
nections between the first and last layers [21]. The advan-
tage of residual learning is to improve performance and
computational efficiency while increasing network depth
[22]. Moreover, as a deep learning network, the proposed
network can utilize the benefits of data-driven priors that
significantly improve reconstruction quality through joint
feature extraction at spatial and spectral domains [1].

We use sparsity-inducing loss function, l1 loss, ex-
pressed as

∥f − f̂∥1 =
∑
x,y,λ

|f − f̂ |, (10)

where f̂ is the reconstructed hyperspectral image. It has
been demonstrated previously that l1 loss outperforms the
standard l2 loss significantly in several image processing
problems, especially in terms of reconstructing sharp im-
age details [23].

3. SIMULATION RESULTS

We conduct simulations demonstrating the reconstruc-
tion results, which are further compared with state of
the art methods, specifically, DeSCI [4] and Choi et
al. [7]. These methods are selected to be representative
methods from iterative optimization method and a deep
learning methods, respectively. Those comparison meth-
ods are implemented through the source codes provided
by the authors. Note that comparsion methods use the DD-
CASSI [24] camera model. We also check the effect of
each optimized optical element to analyze our method in
detail. Lastly, we evaluate how well the proposed method
works in the phase and sensor noise cases.

In the training stage, we use 1890 cropped image
patches from the KAIST dataset: 256×256 spatial size
and 31 spectral channels covering the wavelength range,
[420 nm 720 nm], with a 10 nm interval. We train the net-
work without phase and sensor noise. We set the learning
rate to 0.0001 and the number of epochs to 100.

We assume a refractive lens with the effective focal
length 35mm at the specification wavelength 587.6 nm.
The radius of curvature of lens is 16mm, and the central
thickness of lens is 2mm. The wavelength-dependent
refractive indices is based on silica material. We set
the aperture radius as 5mm, and DOE sampling rate as
30µm. The color filter period is determined to be 9 × 9
by an experimental approach. We try the period size with
three intervals from 3 × 3 to 15 × 15, while the sensor
resolution is fixed as 6µm, and 9× 9 size shows the best
result.

Figure 4. The test images from ICVL dataset used in the simulations.

For testing, we use ten different ICVL dataset images
[25] in Fig. 4 and calculated the average PSNR and SSIM



Figure 5. Comparison with the state-of-the-art methods.

Figure 6. The effects of DOE and color filter.

Figure 7. Average PSNR (dB) and SSIM of 10 ICVL test scenes at noise cases.

values. All test images use a spatial size of 512×512 and
31 spectral channels, which correspond to the wavelengths
used in the training.

3.1. Comparison with the state-of-the-art meth-
ods

We compare our results with widely recognized state-
of-the-art methods that are based on iterative optimization
[4] and deep learning [7]. The results are provided in
in Table 1 and Fig. 5. The PSNR and SSIM values of
each test scene are in Table 1. In most of the images, our
method shows the best result, and in a few cases, Choi et
al [7] presents slightly better PSNR where the difference
is less than 0.5dB. Scene 3 shows an exceptional result
among these 10 ICVL images in favor of [4], which is
possibly because of the low light illumination condition,
as illustrated in the third figure of the upper row of Fig. 4.
Fig. 5 visually illustrates an example result for scene 7.

TABLE 1. PSNR (dB) and SSIM of 10 ICVL test scenes reconstructed
by different methods.

Method Our Method Choi et al. [7] DeSCI [4]
Scene 1 34.27 / 0.92 32.39 / 0.88 26.90 / 0.79
Scene 2 39.03 / 0.96 37.59 / 0.95 28.96 / 0.86
Scene 3 32.99 / 0.97 33.43 / 0.98 38.35 / 0.98
Scene 4 33.00 / 0.91 30.44 / 0.89 25.24 / 0.81
Scene 5 36.85 / 0.96 33.46 / 0.92 26.51 / 0.83
Scene 6 34.87 / 0.92 30.76 / 0.90 26.15 / 0.83
Scene 7 32.60 / 0.91 31.44 / 0.90 25.91 / 0.83
Scene 8 36.08 / 0.94 34.00 / 0.93 28.72 / 0.84
Scene 9 33.29 / 0.90 33.51 / 0.90 30.65 / 0.89

Scene 10 37.29 / 0.94 35.96 / 0.94 29.52 / 0.84
Average 35.03 / 0.93 33.30 / 0.92 28.69 / 0.85

The cropped figures show the spatial accuracy in detail.
The spectral accuracy can be found in the right-most plot
representing intensity values of the specific pixels marked



with blue boxes. PSNR and SSIM values are calculated
between hyperspectral images, while example results are
presented as converted RGB images by weighting spectral
channels of the hyperspectral images. As evident also from
the PSNR and SSIM values, our method demonstrates
superior performance compared to the state of the art in
terms of reconstructed spatial and spectral information. In
particular, it provides images with higher spatial details
(less blur) and fewer artifacts, such as color shading (with
respect of DeSCI [4]) and chromatic aberration (with
respect of Choi et al. [7]). In general, the deep learning
methods, i.e., the proposed method and Choi et al. [7],
demonstrate good spatial-spectral resolution compared to
the iterative one, DeSCI [4].

3.2. The effects of DOE and color filter

In this part, to evaluate the relative contributions of
DOE and color filter to reconstruction results, we train
different end-to-end systems by excluding each of the
elements. That is, in the case there is no DOE we set
the DOE height values to 0, and in the case there is no
color filter we set all the corresponding pixels of the color
filter to 1.Table 2 presents the average PSNR and SSIM
values of 10 ICVL test scenes in 3 different combinations
with presence or absence of the DOE and the color filter.
Also, Fig. 6 illustrates how each element actually affects
the reconstructed image. The right side of Fig. 6 compares
the spectral values in the blue box on the left side of the
figure of each combination. It is clear that the optimized
color filter has more impact than the optimized DOE.
Nevertheless, the contribution of DOE is non-negligible.

TABLE 2. Average PSNR (dB) and SSIM of 10 ICVL test scenes for
cameras with different combinations of optical elements.

Camera with DOE without DOE
with Color Filter 35.03 / 0.93 33.94 / 0.92

without Color Filter 20.70 / 0.58 -

3.3. The effects of phase and sensor noises

The effects of possible errors in DOE fabrication
(phase noise) and sensor image noise are quantified
through noise modelling and analysis in the training and
testing stages, respectively. Phase noise is added to the
phase mask of the DOE, and sensor noise is added to the
sensor image. Both noises are random Gaussian noises
with standard deviations of σp for phase noise and σs

for sensor noise, respectively. Fig. 7 presents the average
PSNR (solid lines) and SSIM (dashed lines) values for
10 ICVL test images at various test noise settings. Each
color corresponds different networks trained under differ-
ent noise levels.

The noise-free training case shows noticeably better
performance compared to other noise training cases in
low noise conditions, where the phase noise and sensor
noise are no more than σp = 30nm and σs = 0.005,
respectively. However, in high noise environments, e.g.,
σp = 60nm and σs = 0.010, training with noise can
demonstrate more robust results compared to noise-free
training case.

4. CONCLUSION

We propose a snapshot computational hyperspectral
imaging system that incorporates end-to-end learnt diffrac-
tive optics and color filter array in the camera and deep
residual network in the postprocessing stage. Our method
is demonstrated to advance the recent existing methods in
terms of reconstructed spatio-spectral image quality.

As a future work, we plan to further improve our
hyperspectral camera through utilizing other modern post-
processing networks and considering different camera
architectures. In addition, we target to demonstrate the
efficacy of our approach via real system with fabricated
DOE and color filter array.
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