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Abstract: We propose a snapshot spectral imaging (SSI) method for the visible spectral range using a single
monochromatic camera equipped with a two-dimensional (2D) binary-encoded phase diffuser placed at the pupil of
the imaging lens and by resorting to Deep Learning (DL) algorithms for signal reconstruction. While spectral
imaging was shown to be feasible using two cameras equipped with a single, one-dimensional (1D) binary diffuser
and Compressed Sensing (CS) algorithms [Appl. Opt. XX, XXX, (XXXX), accepted for publication on July 31st,
2020], the suggested diffuser design expands the optical response and creates optical spatial and spectral encoding
along both dimensions of the image sensor. To recover the spatial and spectral information from the dispersed and
diffused (DD) monochromatic snapshot, we developed novel DL algorithms, dubbed as DD-Nets, which are tailored
to the unique response of the optical system which includes either a 1D or a 2D diffuser. high-quality
reconstructions of the spectral cube in simulation and lab experiments are presented for system configurations
consisting of a single monochromatic camera with either a 1D or a 2D diffuser. We demonstrate that the suggested
system configuration with the 2D diffuser outperforms system configurations with 1D diffuser that utilize either DL-
based or CS-based algorithms for the reconstruction of the spectral cube.

© 2020 Optical Society of America under the terms of the OSA Open Access Publishing Agreement

1. Introduction

Spectral imaging (SI) and Snapshot Spectral Imaging (SSI) systems have been developed rapidly in recent years
thanks to their ability to acquire both spatial and spectral information of an object or a scene. Our previous studies
have demonstrated the feasibility of performing SSI and color imaging using a single standard monochromatic
digital camera with an added one-dimensional (1D) pupil-domain phase diffuser and a CS-based iterative algorithm
[1, 2]. This high-light-throughput architecture is simpler than other computational approaches which used phase-
based architectures [3-5] or architectures based on the Coded Aperture Snapshot Spectral Imaging (CASSI)
arrangement [6-14]. However, its performance is limited due to discrepancies between the actual optical model and
the sensing matrix. This problem was partially mitigated by adding a color RGB camera side-by-side with the
monochromatic camera with the diffuser and improving the CS-based algorithm for signal reconstruction [15]. Our
more recent study suggested an improved diffuser design which efficiently combines dispersion and diffusion
properties using a simple 1D binary phase-encoded profile [16]. While the 1D symmetry of the diffuser enabled
complexity relaxation to the reconstruction problem from the dispersed and diffused (DD) image, it introduced only
a limited extent of spatial and spectral intermixing of the signal on the sensor. Other issues, which are also common
with other CS-based architectures, were sensitivity to mismatches between the mathematical model and the actual
physical response of the optical system, long reconstruction times, and sub optimal manual tuning of the algorithm’s
macro parameters.

Recently, Convolutional Neural Networks (CNNs) were applied as a deep reconstruction algorithm to the
field of SI. CNNs are being widely used for various computer vision tasks such image segmentation, classification,
and detection [17, 18]. In addition, CNNs are also used for image-to-image reconstruction tasks such as depth
reconstruction [19], denoising and inpainting [20], super resolution [21], and image colorization [22]. While CNNs
are very commonly used for reconstruction of RGB images, DL methods for hyperspectral images reconstruction are
new. An early study for combining a CNN in CS methods used a CNN-based autoencoder architecture to predict a
nonlinear representation of the spectral cube to be used as a prior for the spectral image and used it in an iterative
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reconstruction process [9]. This method showed high accuracy compared to previous CS techniques [12-13],
however it still used iterative optimization methods for reconstruction which lead to long computational times.
Wang et al. [10] introduced an optimization-inspired neural network where the spectral prior estimation and the
optimization are governed by CNNs. This approach significantly improved the computational time but failed to
generalize the reconstruction to real CASSI data. The A-net, which was recently introduced in [11], presents an end-
to-end fully CNN, by using the U-Net framework [23] as a base architecture and combining conditional Generative
Adversarial Networks (GANs) [24] and self-attention mechanism [25, 26] for the spectral cube reconstruction from
the CASSI measurement. In [27], 3D convolutions were utilized with the U-Net scheme for spectral cube
reconstruction from CS measurements.

The introduction of DL algorithms has led to significant improvement in the reconstruction quality,
especially on simulated data. However, these approaches still utilize a complex hardware arrangement with
reconstruction algorithms that are either prone to relatively long computational times, require manual parameter
tuning and yield poor results on real experimental data.

In this paper, we present a reconstruction technique for spectral cube reconstruction of size 256 X 256 X 29 in
the 420 — 700nm visible spectral range using a single monochromatic camera which is equipped with a (2D) quasi-
separable, binary phase diffuser and DL-based algorithms. The diffuser design is a 2D expansion of the 1D binary
phase diffuser previously reported by our research group [16].

To reveal additional spatial and spectral information about the scene, the vertical field of view (FOV) is limited,
and the dispersion and diffusion of the signal is expanded along both horizontal and vertical dimensions of the
sensor. Being also a binary phase element, high light throughput and simple fabrication properties are maintained.
To reconstruct the spectral cube solely from the monochromatic DD image, we introduce a novel DL-based
algorithm for spectral cube reconstruction, dubbed “DD-Net”. Our algorithm leverages the spatial nature of the DD
image to fit the NN architecture with a novel, multi-encoder U-Net based architecture followed by variation of self-
attention layers crafted to fit the SI reconstruction task. Two variants of the DD-Net algorithm were developed and
tested: (i) the “DD1-Net”, for a system configuration consisting from a single monochromatic camera with a 1D
binary-encoded diffuser [16], and (ii) the “DD2-Net”, for a system configuration consisting from a single
monochromatic camera with the new, 2D binary-encoded diffuser.

Our simulation and lab experiments indicate that both variants of the DD-Net algorithm achieve high-quality
results using a compact hardware arrangement with high optical throughput. While both DD1-Net and DD2-Net
algorithms outperform single or dual camera system configurations that use CS-based reconstruction algorithms, we
demonstrate that the suggested 2D binary encoded phase diffuser itself has a clear advantage in terms of
reconstruction quality with respect to the 1D binary encoded phase diffuser, thanks to the additional information
revealed along the vertical dimension of the monochromatic sensor.

2. Mathematical model and arrangement of the optical system with a 2D binary diffuser

The schematic layout of the optical system is shown in Fig. 1.
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Fig. 1: A Schematic layout of the optical system.

The optical system consists of a monochromatic digital sensor, an imaging lens complete with a wide bandpass filter
(BPF), and a transparent, 2D quartz diffuser positioned at the entrance pupil of the imaging lens. This optical
arrangement and assembly are similar to the single-camera arrangement described in [1, 2] and to the
monochromatic branch of the dual-camera arrangement described in [15, 16], albeit having a 2D binary phase
diffuser. The diffuser creates a PSF response that consists of four strong diffusive patterns around the first positive
and negative diffraction orders along both horizontal and vertical sensor axes, for each wavelength of interest.



The binary diffuser is designed as a thin phase optical element placed at the entrance pupil of the
monochromatic camera with lateral coordinates (uy, v)). The diffuser consists of multiple rectangles, in which
depth and respective phase are constant within their dimensions and quantized to a binary level. Since the diffuser is
placed at the entrance pupil of the imaging lens, it sets a scaled complex pupil function on the exit pupil
P(uy, vy; A;) for each 1, wavelength of interest:

Py (u'ag, Vs A) = [Py (ng, V' /11)|e[wM(u'M'v,M;m], (1)

where (uy,vy) are the lateral coordinates of the exit pupil plane, |Py(u'y, v'p; ;)| is the field amplitude
transmittance and @, (u'y, v'y; 4;) is the added phase at the exit pupil. Assuming that the optical system is ideal in
the absence of the diffuser, the added phase @u (1 sy, V' y; A;) is solely determined by the diffuser, and the field
amplitude transmittance is determined by the clear aperture’s shape and size at the exit pupil plane. The incoherent
PSF h; 5 for the 4; wavelength can be calculated as

hI.M(x,Mﬂy’M; Al) = |FT55 {Py (W'pg, V'as; AN}, ()

where FT;;{-} denotes the inverse 2D Fourier transform and |-|? denotes the absolute-square operator.

The binary 2D diffuser is intended to provide dispersion and diffusion of light along both horizontal and vertical
axes of the image sensor, by setting the PSF of the monochromatic camera. We start by performing 1D binary phase
encoding by hard-clipping [16, 28] along the horizontal axis of the diffuser:

P10 (W Aaes) = {11 N ene " bt ¥ frleidaes)] > 0, ()
where u'y is the horizontal coordinate of the exit pupil plane, 44, is the design wavelength, f,,. is the encoding
spatial frequency that sets the dispersion extent and @ (u'p; Ages) 1S the encoded phase function that sets the
diffusion extent and shape. In Eq. (3) we assume that the diffuser has an ideal field amplitude transmittance [17]. To
generate the 2D phase profile of the diffuser, we perform outer product multiplication of the 1D binary phase
encoding function along both diffuser axes:
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In our previous publication [16], we examined three types of 1D local diffusion patterns, denoted as Top Hat
diffusion, cubic phase diffusion and random phase diffusion. The diffusion patterns were optically dispersed to
combine between the requirements of CS theory and classical spectroscopy. Our experimental results indicated that
1D Top Hat diffusion yields best performance on average, for a system configuration that includes a monochromatic
camera and an RGB camera and utilizes CS algorithms for spectral cube reconstruction. In this work, we examine a
single 2D diffuser that performs local Top Hat diffusion along both horizontal and vertical axes of the
monochromatic sensor. Specifically, we set the nominal half-width of the Top Hat profile along each axis to be 22
um, which equals 10 sensor pixels. The encoding frequency f,,. was set to 100 [mm™1], which corresponds to a
dispersion extent of ~4.4 pixels per band (4.4 pixels per 10 nm) along both sensor axes. The 2D binary diffuser
fabrication was identical to the process described in [16], using standard binary staircase technology on a 2.4 mm thick, 5-
inch chrome mask made of quartz.

To calculate the PSF h; ), (x 'M,y’M ;/11) for each wavelength A4; of interest, we first calculate the corresponding

phase @y (U y, V' A) as [1, 16, 29]
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where n(A4,,) is the refractive index of the diffuser’s material for A4.;. The PSF is then derived according to Eq.
(2). Thus, when added to a regular digital camera, the diffuser converts the original image into a DD image with
programmed blur. Fig. 2 shows exemplary analytical calculations of the 2D PSF profiles at 420nm, 550nm and
670nm for the fabricated diffuser, with marked dispersion extent 445, and diffusion extent Ag¢¢ at the (1,0) and
(0,-1) diffraction orders.



o a o,
600 80 1000 1200
¥ [Pixel)

oliaa i Ry }
1000 1200 1400  160¢ 1500 1550 1600
X [Pixel] X [Pixel]

() (b)

50 1000 1500 2000 2500 1000 1200
X [Pixel] x

Fig. 2: (a) Experimentally simulated PSF profiles for the encoded Top Hat 2D phase diffuser, for 420nm, 550nm and 670nm; (b) horizontal
and (c) vertical cross sections along the middle region of the 2D PSF, with zoom in at the diffusion patterns located in the (1,0) and (0,-1)
diffraction orders , with dispersion extent Ag;;, and diffusion extent Ag;ff.

The intensity Ip;(xy, 'y A;) of the DD image in the presence of the diffuser at the A; wavelength may be
expressed by a 2D convolution of the ideal ("non-dispersed") image I(x,y; A;) with the incoherent PSF of the
monochromatic camera hy » (x5 4,):

IM(XM:)"MZ A) = IM(HO,MX: HomY; Al) = ff hl,M(xl’Vl - x:)’/w -y A) I(HO,MX: HomY; Al)dx‘iya (6)

where up ) denotes the optical magnification of the camera. The contribution of polychromatic light to the DD
image can be expressed as a weighted sum of intensities of the monochromatic DD images I,,(xy, y; 4;) over all

wavelengths A;, | = 1, L, where the weighting coefficients are determined by the spectral sensitivity Sy, (1) of the
optical system. Hence, the monochromatic DD image signal can be expressed as
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where [4,4,4,] is the spectral response range of the optical system. Similar expression can also be derived for the
response of the optical system if a 1D diffuser is considered instead of a 2D diffuser [16].

3. Data acquisition for Neural network training

Unlike CS-based algorithms, NN-based algorithms do not require an explicit model of the optical system, but
rather a large dataset of measurements acquired from the optical system to perform network training. In the
framework of this paper, we explore two methods of data generation for NN training, based on simulation and
experimental measurements with our prototype SSI system.

3.1 Simulated Data acquisition

To test our system for reflective scenes and to assess our system performance with respect to other SSI DL-
based methods [10, 11, 14, 27, 30, 31], we simulated multiple DD snapshots using the database of spectral cubes
from the ICVL HS database [32]. This set includes over 200 spectral cubes of outdoor daily scenes at spatial
resolution of 1392 X 1300 pixels. For each cube, 31 bands were sampled in the spectral domain from 400 to 700
nm with 10nm increment. We used the 420-700nm spectral interval to be consistent with the real data experiment.

For training and validation data, we chose 160 spectral cubes such there is no overlap in the images
environment between training/validation set and the test set. We cropped the cubes uniformly into Ny, ; X Ny ; X L =
256 X 256 x 29 patches to create 15000 different cubes. We then simulated the sensor response to generate a DD
snapshot measurement for each spectral cube. Specifically, the DD snapshot measurement was calculated according
to Eq. (7) for each system configuration with either 1D or the new 2D binary diffusers.

3.2 Real Data acquisition

Experimental acquisition of multiple DD snapshots was done with our prototype with the diffuser, using an
Apple iPad Air 2 as an object generator. A collection of 9067 color images was selected from the COCO dataset [33], which
contains common objects in their natural context. The images were sequentially projected on the iPad screen, which was
connected to a PC unit that synchronized between the projection of an image and the acquisition of the DD snapshot from the
prototype. The sensor integration time was set to 7 ms for each object, which guaranteed a non-saturation regime in each DD
snapshot. The iPad screen was placed 50 cm away from the prototype and each color image was scaled such that the non-DD
image occupied N,,; X N,; = 256 X 256 sensor pixels. A single dark measurement was also obtained and later subtracted
from all DD snapshots for deducting any ambient signal. To evaluate the performance of the new 2D Top Hat diffuser, we



replaced it with the formerly reported 1D Top Hat diffuser [16] and acquired 9067 DD snapshots of the same objects with the
prototype, with an integration time of 4.8 ms. The 1D diffuser was fabricated in the same process as the new 2D diffuser and
shared the same spatial encoding (f,,,. = 100 [mm™1]) and nominal half-width of the Top Hat profile (10 sensor pixels),
however it introduced the dispersion and diffusion only along the horizontal axis of the sensor. Reference spectral cubes of the
9067 objects were acquired in a separate procedure by the monochromatic camera without a diffuser, using a set of L = 29
narrow-bandpass filters at the spectral range of 420-700nm in equal spacing of 10nm, as described in [16]. The integration time
of the camera during reference cubes acquisition was 52 ms for each object and for each of the L = 29 wavelengths. Fig. 3
summarizes the acquisition schemes for simulation and experimental data.
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Fig. 3: Simplified block diagrams for (a) simulation and (b) lab experimental datasets acquisition for NN training.
3.3 Data augmentation

The simulated data acquisition process enables to perform data augmentation on the reference spectral cubes
and to generate corresponding augmented DD images. This allowed us to perform various data augmentations on the
full spatial size (1392 X 1300) cubes and maintain the same DD image generation process on the augmented cubes.
We applied random resize, random rotation, and custom illumination on the full-size cubes, cropped them into
Ny, X Ny; X L =256 X 256 X 29 sub-cubes and calculated the DD images according to Eq. (7). Accordingly, we
simulated over 35000 different pairs of spectral cubes and DD snapshots. Augmentation on the real data included
solely vertical/horizontal flips on both the spectral cubes and the DD image.

Custom illumination augmentation

To make the predictions agnostic to specific illuminations such as daylight or indoor halogen light, we
augmented the natural relations between the spectral channels by simulating a black-body illumination source. Let
y € R¥7.>NxiXl be a spectral cube with L spectral channels, width N,; and height Ny ;. We determine an
illumination augmentation as an element-wise product between the spectral cube and an illumination vector, v € R,
such that the augmented spectrum I, , € R at the (m, n) spatial pixel is

’

ILpn = Innv om=12 ..N,; ,n=12 ..Ny;. 8)
The irradiance spectrum of a black body is [34]

2hc? 1
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where A is the radiation wavelength in nanometers, T is the temperature of the black body in Kelvin, h is the Planck
constant and c is the light velocity in vacuum.

Simulation of illuminations for a random set of black-body temperatures between 3000-7000K was done
according to Eq. (9). For each given black-body temperature, we discretely calculated the radiation vector v in the
420-700nm spectral region of interest and augmented the original spectral cube according to Eq. (8). Fig. 4(a) shows
exemplary black-body irradiances used for data augmentation. Fig. 4(b) shows exemplary RGB representations for



spectral cubes which were augmented by black-body illumination sources with temperature of 3000K, S000K, and
7000K.
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Fig. 4: (a) Normalized radiation vectors at the 400-700nm spectral interval for black-body sources at various temperatures between 3000-7000K;
(b) Exemplary RGB representations for spectral cubes which were augmented by black-body illumination sources with temperature of 3000K,
5000K and 7000K.

4. Neural network architectures for spectral cube reconstruction

Reconstruction architecture for a system configuration with a 1D binary diffuser

Data preprocessing

The 1D diffuser creates a DD snapshot which includes a sharp image replica around the zeroth diffraction
order (denoted as the “Center Replica”) and two strong DD replicas around the -1 and 1 diffraction orders of the
horizontal axis (denoted as the “Left Replica” and “Right Replica”, respectively). Since the non-DD image is
concentric with the optical axis of the camera and has spatial dimensions of 256 X 256 sensor pixels, the Center
Replica also occupies 256 X 256 pixels around the sensor’s center. The Left and Right Replicas occupy a larger footprint due
to the dispersion and diffusion introduced by the diffuser. Considering that the optical dispersion is 4.4 pixels per 10 nm, the local
diffusion width is 26 pixels, and the spectral range of interest is [420, 700] nm, the dimensions of the Left and Right replicas are
256 X 405 sensor pixels around the -1 and 1 diffraction order’s center of the 560nm wavelength. The Left and Right replicas
are located 246 pixels to the left and right to the sensor’s center, respectively, and the dimensions of the DD snapshot which
includes the 3 replicas are 256 X 896 pixels. To allow input-output shape correspondence which keeps the fidelity
receptive field (the region in the input image that a particular output pixel was calculated from), we cropped the
Center Replica of the monochromatic image and concatenated it with the adjacent Left and right Replicas, as
illustrated in Fig. 5. Hence, the size of the array which enters the network is 256 X 256 X 3.
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Fig. 5: (a) The image projected on the iPad screen (b) Central region of the DD image which occupies the Left, Center, and Right replicas. The
full optical footprints are marked in blue, whereas the cropped regions used for spectral cube reconstruction are marked in dashed-red.

Neural Network architecture

The NN architecture for the reconstruction of the spectral cube from a DD image which was acquired with
a 1D diffuser is described in Fig. 6.
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Fig. 6: Network architecture for spectral cube reconstruction from DD images acquired with a system configuration with a 1D diffuser. Number
of filters are denoted above the blocks. The gray lines state the skip connections which traverse the features maps from each encoder level into
the decoder correspond level. This information is then concatenated with the decoder’s previous level to enter the next level of a decoder block.

The skeleton of this architecture is an encoder-decoder scheme in a U-Net structure [23]. The 256x896 DD snapshot
is pre-processed to a 256 X 256 X 3 array, which is encoded to a new, low-dimensional domain. Then, the encoded
array is decoded to the desired output of size 256 X 256 X 29. The encoder reduces the spatial resolution of the
input image along the convolution layers while expanding the number of channels per each feature map. The
decoder recovers back the spatial resolution while compressing the number of channels. The skip connections of the
U-Net structure preserve the important spatial information in the encoder and traverse it directly to the decoder in
the correspond layer. All the NN convolution kernel shapes are 3 X 3.

Loss function

Common loss functions in image to image reconstruction are either the L2 loss (MSE) or L1 loss (MAE).
However, these loss functions do not preserve the natural characteristics of the image and tend to converge to an
average value when dealing with multi-dimensional signals. Therefore, we combined 5 different terms in our loss
function, which suits the problem of spectral cube reconstruction:

Pixel scaled RMSE Loss: To encourage pixelwise reconstruction fidelity (which is also scale invariant between the
reference and reconstructed signals in the objective function) we used a normalized version of the RMSE function:

o NuiNyi (Vi %V
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where max,;{z; ;} is the maximal value of the spectrum z; ; at the pixel (i, ) over all the [ = 1,.., L spectral bands.

SSIM Loss: The Structural Similarity Index Matching (SSIM) [35] loss function Lgg;y, (v, J) was utilized on each
spectral channel’s image to maintain visual similarity.

RGB Loss: The RGB representation of a spectral cube in the visible range provides a precise-spatial and a coarse-
spectral evaluation about the scene of interest. Hence, enhanced fidelity between the reference and reconstructed
spectral cubes was obtained by utilizing a loss function between their RGB representations [36], yrep and Vres,
respectively. The RGB loss Lg;5 (v, J) was calculated as the SSIM loss between ygep and Ypep:

Lree(V,9) = Lssiu(Vrep» VreB)- (11)

Blur Loss: To maintain the spatial sharpness of the reconstructed spectral cube, we utilized a blur loss Ly, (¥, ),
which is calculated as the absolute difference of the variance of the 2D spatial Laplacian operator on the reference
and reconstructed spectral cubes:

Lywr (v, 9) = | var(8y) — var(A9)|. (12)



Spectral Loss: In order to increase the reconstruction accuracy over the spectral domain, we have utilized a spectral
loss term Lgpecirar (¥, 9). The spectral loss term is calculated as the absolute difference between the spectral gradient
of the reference and reconstructed spectral cubes:

Lspectral(y' j)) = | Viy — Vlyl (13)

The final expression for the loss function is:

Loss = }\PRMSELPRMSE + ARGBLRGB + ASSIMLSSIM + AblurLblur + AspectralLspectral P (14)

where the coefficients were set empirically to: Apgysp = 0.5, Aggg = 0.2, Agsir = 0.1, Ay = 0.1 and
Aspectral =0.1.

Reconstruction architecture for a system configuration with a 2D binary diffuser
Data preprocessing

Unlike the 1D diffuser, the 2D diffuser is designed to create additional dispersed and diffused image
replicas along the horizontal and vertical axes of the sensor. Therefore, the DD image of the 2D diffuser includes
additional two strong replicas around the -1 and 1 diffraction orders of the vertical axis (denoted as the “Bottom
Replica” and the “Top Replica”, respectively), with dimensions of 405 X 256 sensor pixels around the -1 and 1
diffraction order’s center of the 560nm wavelength. Since the design of the 2D diffuser is separable, the Left, Center, and
Right replicas of the DD snapshot obtained with a 2D diffuser has the same dimensions and locations as a DD
snapshot obtained with a 1D diffuser. The overall dimensions of the DD snapshot which includes 5 replicas of
interest are 896 X 896 pixels. We note that there are 4 additional diagonal replicas which exist around the Center Replica of
the DD image. These diagonal replicas are resulted by the “cross terms” of the horizontal and vertical diffraction orders, however
they are not used for the reconstruction of the spectral cube due to their weak signal-to-noise level. Fig. 7 shows the DD image
obtained with the 2D diffuser, with marked 5 replicas used for the reconstruction of the spectral cube.

896

256 256 256

896

(b)

Fig. 7: (a) The image projected on the iPad screen (b) Central region of the DD image which occupies the Left, Center, Right, Top, and Bottom
replicas. The full optical footprints are marked in blue, whereas the cropped regions used for spectral cube reconstruction are marked in dashed-
red. Diagonal Replicas, marked in dashed green, are not used for signal reconstruction due to their weak signal-to-noise level.



Neural Network architecture

To leverage the additional information provided by the dispersion and diffusion along the vertical axis, we
have adapted the NN architecture to extract features along both the horizontal and vertical dimensions. We have
therefore developed the multi encoder architecture which utilizes 3 different encoders in parallel which process the
DD image as follows:

Horizontal encoder: The inputs of the Horizontal encoder are the Left, Right and Center Replicas, concatenated
together into a 256 X 256 X 3 input array. We set the kernel size to be W=9, H=1 to extract only the horizontal
spectral features.

Vertical encoder: The Vertical encoder inputs are the Top, Bottom and Center Replicas, concatenated together into
a 256 X 256 X 3 input array. The kernel has vertical symmetry (W=1, H=9) to extract the vertical spectral features.

Central encoder: The Central encoder inputs are the Left, Right, Top, Bottom and Center Replicas, concatenated
together into a 256 X 256 X 5 input image. The kernel size is W=3, H=3. The central encoder role is to extract
spatial features as texture and edges which cannot be discovered by the vertical and horizontal encoders.

Decoder: Following the U-Net decoder architecture we presented above, the input for each decoder block is the
concatenation of the previous decoder block output concatenated to the corresponding skip connection output from
the encoder. To decode effectively the information extracted from the multi encoder, the decoder input is the
concatenation of the previous decoder layer and all 3 encoders outputs of the same layer, as illustrated in Fig. 8. We
denote E},EL E. and D! as the Horizontal, Central and Vertical encoder and decoder blocks for [** layer,
respectively. We also denote 6f,,6f 65,05 as the output feature maps from the [ block of the Horizontal,
Central and Vertical encoder and decoder blocks, respectively. Following these notations, the outputs of the
encoders and decoder are given by:

Ok, = En(05,"), Ok, = Ec(05."), Ok, = E(0F,") (15)
65 = D' (concat(6},, 6%, 6%, 65)) (16)
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Fig. 8: A block scheme for the 1'th layer of the multi encoder-decoder architecture.
Self-attention mechanism

Self-attention, originally aroused in the Natural Language Processing (NLP) field [25], is a mechanism
developed to leverage the non-local correlation in the signal to enhance the feature extraction to be globally aware.
In vision tasks, where the kernels are very spatially small (usually 3 X 3), each feature extraction stage ‘looks’ only
on the 3 X 3 nearest neighbors. Spatial operations such as down-sampling are commonly applied to enlarge the
overall receptive field, however the local convolution operations cannot sample a larger region than the dimensions



of the kernel. To overcome this limitation, self-attention layers were adapted for many tasks related to Computer
Vision [11, 26].

Considering the suggested optical system with either 1D or 2D binary diffusers, non-local correlation exists between
the Center Replica and each of the DD side replicas. While regular convolutions may miss important spectral
information encoded in the DD side replicas, the self-attention mechanism enhances the feature extraction from
them by being non-locally aware.

Fig. 9 illustrates a self-attention block for a given input features map. In this work, we used not only self-
attention blocks, but two more variations of this mechanism, denoted as Vertical Self-Attention and Horizontal Self-
Attention blocks. These blocks perform significantly better in both quality and performance with respect to regular
self-attention blocks and improve the reconstruction quality of the spectral cube. We first start by describing the
self-attention block mechanism.
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Fig. 9: The self-attention scheme.

Given a features map 8 € R¥*WXC where C is the number of the feature maps and H, W are their height and width
respectively, we define the query, key, and value, g, k, v € RKXHXWXC" regpectively, as:

q=Wy* 6, k=We* 0, v=W,* 0 (17)

where W,, W, W, are learnable 2D 1 X 1 convolutions with C’ channels and K groups, and C’ = C/K where K is
the number of attention heads [25]. The output of the self-attention block is a weighted sum of the value tensor
where the weights are called attention maps a € REXHXWXHXW an( calculated from the query and key tensors. The
element ay ; ; m is representing the weight associated with the k" head of the target pixel O.i,j,c With respect to the
source pixel vy, ;. Where c is the feature map index and k is the head index. The weighted tensor o is calculated as:

— T HxXWxC — H w
o=va €R » Okjjec = Zm:l Zl:l Vkml,cQk,i,jm,l> (18)

where the final dimensions of o are accepted after reshaping the head(K) and channels (C’ = C /K) dimensions into
the original features maps dimensions.

Horizontal and Vertical Self Attention

The regular self-attention approach is trying to exploit the correlation between each of the source pixels to
each one of the output pixels. This approach consumes large memory and may be redundant in case most of the
pixels are not correlated with each other. However, the presence of the separable diffuser with combination of the
weak optical distortion and aberrations of the imaging lens creates strong correlation in the horizontal replicas
between pixels in the same row of the DD image, while weak correlation exists among the other pixels. Similarly,
the vertical replicas show strong correlation only for pixels on the same column. This optical property led us to
develop the Horizontal and Vertical self-attention blocks, where the weights stored in the attention maps are only
representing the correlation between a pixel to its corresponding rows or columns.

Consider Horizontal Self-attention block, with attention map a € RKXP>XWXW and target pixel which is
correlated only to its self-row pixels. In this setup, we only need to know the column of the source pixel. Therefore,
the element a,’é,i‘ ;1 1s representing the weight of the target pixel o,ﬁ i.j,c With respect to the source row v,’}_l_c. Similarly,



the element ay ; ; ,, is representing the weight of the target pixel oy ; ; . with respect to the source column vy, . in
the vertical attention map a¥ € RKXHXWxH Consequently, the target tensors 0", 0¥ € RF*W*C are calculated as

h — w h h v — H v v
Okijc = =1 Vi tcQk,ijl » Ok,ijc = Yim=1 Vk,m,c%k,i,jm (19)

All self-attention blocks are utilized right after the Max-Pooling operation in the encoder. Horizontal self-
attention blocks were used in the horizontal encoder, and vertical self-attention blocks in the vertical encoder. These
blocks leverage the encoded spectral information inside the side replicas of the DD image better than regular self-
attention blocks and are much cheaper in terms of memory consumption. To extract spatial information, we also
used regular self-attention blocks inside the central encoder. Overall, 9 self-attention blocks from all kinds were
used. Fig. 10 illustrates the final architecture of the network with the self-attention blocks.
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Fig. 10: 2D diffuser reconstruction network with Self-Attention blocks. The number or features map on each block is written in bold. Kernel sizes
are written next to each convolution operation. The dashed lines state encoder/decoder blocks. On each of the encoder blocks the horizontal,
vertical and central outputs were concatenated together and traverse to the decoder via the skip connections.

5. Results

The training of the NN and its evaluation were performed on a CPU with an Intel Core i-9 processor and
128GB RAM, installed with an Ubuntu OS. The training included 40 epochs with a batch size 8 on a dual Nvidia
RTX 2080 TI GPU. We used Adam [37] as an optimizer with a learning rate of 10~*. We reduced the learning rate
by a factor of 0.5 every 8 epochs. In all experiments, the evaluation was done on a single Nvidia RTX 2080 TI GPU
with a batch size of 1 and the cube dimensions were 256 X 256 X 29. For the DD1-Net, the average reconstruction
time per single cube on GPU and CPU was 1.7ms and 0.31s, respectively and for DD2-Net, 6.2ms and 0.64s for
GPU and CPU, respectively.

Evaluation on simulated data

The evaluation of our system by simulation was done on 18 test cubes from the ICVL dataset [32]. All test
cubes were chosen so their outdoor environment is completely different than the train set. All the ‘object’ scenes
were isolated from the training set, and only part of them were used to evaluate our model. Other outdoor cubes
were picked carefully so no similar cubes are within the train set (Consequently, to keep test set fidelity as high as
possible, part of the cubes was not used at all). To have a firm comparison of our suggested method with former
system configurations, we have performed four types of simulations: (i) a configuration which considered a single
monochromatic camera with the 1D binary Top Hat diffuser. A CS-based algorithm, combining Singular Value
Decomposition (SVD) and Split-Bregman Iterations (SBI) was used for signal reconstruction, as previously reported
by our research group [15,16]; (ii) a configuration which considered a dual camera arrangement (a monochromatic
camera and an RGB camera) with the 1D binary Top Hat diffuser placed on the monochromatic camera’s lens. The
same CS-based, SVD+SBI algorithm, was used for signal reconstruction; (iii) a configuration which again
considered a single monochromatic camera with the 1D binary Top Hat diffuser. Here, the new DD1-Net was used
for signal reconstruction; (iv) a configuration which considered a single monochromatic camera with the new 2D
binary Top Hat diffuser. Here, the new DD2-Net was used for signal reconstruction.



We used 3 metrics, PSNR, SSIM, and the spectral angle mapper (SAM) [38] for quality evaluation. For
clarity, we visually display the reconstruction results obtained only by the DD1-Net and the DD2-Net, whereas a comparison
summary for all four simulations is given in Table 1. Fig. 11 shows spectral reconstruction for exemplary 3 ICVL scenes.
Fig. 11(a) shows the RGB representations of the spectral cubes. Fig. 11(b) shows reference and reconstructed spectra for
3 spatial points of each scene marked in the corresponding row in Fig. 11(a).
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Fig. 11: Simulation results for 3 exemplary scenes using a system configuration with 1D and 2D binary diffusers. (a) RGB representations of the
reference and reconstructed spectral cubes obtained by the DD1-Net and DD2-Net algorithms; (b) Reference (dashed Red) and reconstructed
spectra for system configurations with 1D binary diffuser and DD1-Net algorithm (blue), and with a 2D binary diffuser and DD1-Net algorithm
(light-green) at selected spatial positions as marked in the corresponding reference RGB image to the left, with reconstructions' PSNR and SAM

values.

Fig. 12 shows spatial reconstruction for a simulated “Scene 4”. The left column shows the RGB representations of
the reference and reconstructed spectral cubes obtained by the DD 1-Net and the DD2-Net algorithms, whereas the
remaining columns show selected 7 out of 29 reference and reconstructed single-wavelength images, with

corresponding PSNR and SSIM values.
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Fig. 12: Simulation results for “Scene 4” using a system configuration with binary 1D and 2D diffusers. Top row: reference images; Middle row:
reconstructed images obtained by a system configuration with the 1D binary diffuser and DD1-Net algorithm; Bottom row: reconstructed images
obtained by a system configuration with the 2D binary diffuser and DD2-Net algorithm. The left column shows the RGB representations of the
spectral cubes, whereas the remaining columns show selected 7 out of 29 reference and reconstructed single-wavelength images, with
corresponding PSNR / SSIM values.

The reconstruction results for the simulations with a system configuration with the suggested 2D binary
diffuser exhibit excellent performance, as can be indicated from the exemplary scenes shown in Figs. 11 and 12. In



particular, the reconstructed spectra curves trace the corresponding reference spectra curves — and even precisely
overlap them. The spatial reconstructions also exhibit remarkable performance, with high PSNR values for most of
the spectral channels and nearly ideal SSIM values (~1) along the entire 420-700nm spectral range of interest. Sub-
optimal reconstruction performance (e.g., Point 2 in Scene 1, Point 1 in Scene 2, the 430nm, and 670nm single-
wavelength images in Scene 4) can be explained with smaller signal-to-noise ratio (SNR) in the reference spectral
cubes. Table 1 summarizes the average simulation results on all 18 test cubes.

Table 1. Simulation results summary for all 18 test cubes

PSNR [DB] SSIM SAM [DEG]

System Configuration
Best |Worst |Mean | Best |Worst |Mean | Best [Worst |[Mean

1D diffuser + Mono Camera + SBI&SVD| 2778 | 20.23 | 22.71 | 0938 | 0.822 | 0.874 | 8.11 | 12.41 | 10.02
1D diffuser + Dual Camera + SBI&SVD | 2783 | 19.50 | 23.28 | 0.964 | 0.910 | 0.944 | 7.60 | 12.72 | 9.83
1D diffuser + Mono Camera + DDI-Net | 3796 | 19.62 | 30.23 | 0.985 | 0.887 | 0.955 | 1.34 | 635 | 3.15
2D diffuser + Mono Camera + DD2-Net | 42,07 | 26.51 | 35.56 | 0.993 | 0.956 | 0.980 | 0.97 | 4.30 | 2.16

Our suggested method, which combines a monochromatic camera with the new 2D binary diffuser and
utilizes the DD2-Net reconstruction algorithm, reaches average PSNR of above 35.5 [dB]. This value is significantly
higher than the other system configurations which includes the 1D diffuser and utilizes the SVD&SBI or the DD1-
Net reconstruction algorithms. The SSIM and SAM metrics further reinforce the reconstruction quality, both in the
spatial and the spectral domains. While the system configuration with the 2D diffuser shows a clear advantage over
all other system configurations with the 1D diffuser, it can be seen that the DD1-Net outperforms single-camera and
even dual-camera system configurations which utilizes the CS-based, SVD&SBI algorithm. This further indicates
that our suggested DD-Net architectures are better suited for the task of spectral cube reconstruction from DD
snapshots which were obtained in system configurations with either a 1D or a 2D binary diffuser.

We should note that our selected test cubes differ from test cubes used by other CASSI groups for system
simulations which used DL-based reconstruction methods dataset. Nevertheless, the average PSNR values obtained
by our suggested DD2-Net outperforms the equivalent values obtained by CASSI architectures [10,11,14].

Evaluation on experimental data

Experimental evaluation of our system was done on 17 test cubes acquired from iPad-projected objects.
Real data lab experiments were done with the four corresponding system configurations as the simulations, as
summarized in Table 2 ahead. Again, we only visually display the reconstruction results obtained by the DD1-Net and the
DD2-Net.

Fig. 13 shows spectral reconstruction for each system configuration, for exemplary 3 iPad scenes. Fig.
13(a) shows the RGB representation of the reference spectral cube. Figs. 13(b) and 13(c) the show the RGB
representation of the reconstructed spectral cubes for each of the system configurations with 1D and 2D binary
diffusers, which were obtained by the DD1-Net and the DD2-Net algorithms, respectively. A red rectangle is
marked in each of the RGB images to provide a closer view for selected areas of interest. As can be seen, the system
configuration with the 2D diffuser and its corresponding reconstruction architecture outperforms the system
configuration with the 1D diffuser, both in terms of spatial and color fidelities. Fig. 13(d) shows reference and
reconstructed spectra for 3 spatial points of each scene marked in the corresponding column in Fig. 13(a). The system
configuration with the 2D diffuser outperforms the system configuration with the 1D diffuser in terms of spectral reconstruction
quality.
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of the reference spectral cube; (b) and (c) RGB representations of the reconstructed spectral cubes with system configurations with 1D and 2D
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system configurations with 1D binary diffuser and DD1-Net algorithm (blue), and with a 2D binary diffuser and DD1-Net algorithm (light-green)
at selected spatial positions as marked in the corresponding reference RGB image in Fig 10(a), with reconstructions' PSNR and SAM values.

Fig. 14 shows further spatial reconstruction for experimental “Scene 4”. Fig. 14(a) shows the RGB
representation of the reference spectral cube, whereas Figs. 14(b) and 14(c) show selected 7 out of 29 reference and
reconstructed single-wavelength images, respectively, with corresponding PSNR and SSIM values.

% !
3 ‘i
Bl ;I

24.31/0.843  23.34/0.925 24.88 /0.934 24.78 / 0.950 25.07 / 0.966 25.26 / 0.967 25.31/0.961 22.26 / 0.867

HEETER
i |

30.61/0.927 27.24 /0973 28.35/0.974 26.41 /0.976 27.98 /0.981 27.56 / 0.977 24.53 /0.919

——— |
Fig. 14: Experimental results for “Scene 4” using a system configuration with a binary 1D and 2D diffusers. Top row: reference images; Middle
row: reconstructed images obtained by a system configuration with the 1D binary diffuser and DD1-Net algorithm; Bottom row: reconstructed
images obtained by a system configuration with the 2D binary diffuser and DD2-Net algorithm. The left column shows the RGB representations
of the spectral cubes, whereas the remaining columns show selected 7 out of 29 reference and reconstructed single-wavelength images, with
corresponding PSNR / SSIM wvalues.
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Table 2 summarizes the average experimental results on all 17 test cubes, for each of the system
configurations with a 1D or a 2D binary diffuser. The results summary indicates the advantage of the 2D binary
diffuser over the 1D binary diffuser, both in terms of spatial and spectral reconstruction quality. The superior quality
of the 2D binary diffuser is attributed to the horizontal and vertical directions of dispersion and diffusion, whereas
the 1D binary diffuser introduces dispersion and diffusion solely along the horizontal direction of the image sensor.
Hence, the 2D diffuser provides richer spatial and spectral information about the scene compared to the 1D diffuser.



The experimental results quality of the 2D diffuser are also attributed to the enhancement of the DD2-Net
architecture, which enables to exploit the additional information that is spread along the vertical direction of the
sensor. Like our simulations, we also found that the DD1-Net outperforms single-camera and dual-camera system
configurations which utilizes the CS-based, SVD&SBI algorithm.

Table 2. Lab Experimental results summary for all 17 test cubes

PSNR [DB] SSIM SAM [DEG]
Best |Worst |Mean | Best |Worst |Mean | Best [Worst |Mean

System Configuration

1D diffuser + Mono Camera + SBI&SVD| 2160 | 16.39 | 19.62 | 0.566 | 0.439 | 0.488 | 44.24 | 49.65 | 46.30
1D diffuser + Dual Camera + SBI&SVD | 2097 | 13.81 | 18.25 | 0.735 | 0.523 | 0.614 | 29.76 | 44.67 | 35.70
ID diffuser + Mono Camera + DDI-Net | 38,51 | 30.18 | 35.22 | 0.958 | 0.863 | 0.930 | 3.79 | 13.54 | 10.07
2D diffuser + Mono Camera + DD2-Net | 42,06 | 35.37 | 38.45 | 0.978 | 0.938 | 0.959 | 3.18 | 12.75 | 7.83

5. Discussion and conclusions

In this work we presented the design, fabrication, and experiments with a new 2D binary phase diffuser for
performing SSI, using a single regular monochromatic camera and by resorting to DL algorithms. The investigated
system is an extension of our previously reported SSI system which consisted of a 1D binary diffuser in a dual-
camera arrangement [16]. While the former 1D diffuser introduced optical dispersion and diffusion solely along the
horizontal axis of the image sensor by utilizing binary phase encoding, the suggested 2D binary diffuser extends the
optical response and introduces dispersion and diffusion along both horizontal and vertical axes of the image sensor.
Even though this approach limits the field of view along the vertical axis, it provides additional spectral information
about the scene which contributes to the reconstruction quality of the spectral cubes, which are sized 256 X 256 X
29 and cover the 420-700 nm visible spectral range. Being consisted of a single monochromatic camera with a
binary phase diffuser, our suggested architecture keeps a simple layout with high optical throughput. Consequently,
the suggested arrangement is even simpler than our previously reported compact arrangements, consisting of either
one camera or two cameras with a 14-level 1D phase diffuser [1, 2, 15], or two cameras with a binary 1D phase
diffuser [16].

To recover the spectral cube from the monochromatic DD sensor measurement, we developed novel CNN
architectures which are based on the U-Net encoder-decoder scheme, denoted as “DD1-Net” and “DD2-Net”. The
CNN architectures were adapted for a single snapshot acquired by the monochromatic camera with either a 1D
binary diffuser (DD1-Net) or a 2D binary diffuser (DD2-Net) and achieve real-time reconstruction rates. The spatial
and spectral information of the scene was reconstructed by processing the sharp Center Replica of the image, with
combination of the dispersed and diffused Left and Right Replicas (for either 1D or 2D diffuser) and the Top and
Bottom Replicas (for the 2D diffuser only). To leverage the extended distribution of the dispersed and diffused
image formed by the 2D binary diffuser, the DD2-Net architecture combines a novel, U-Net based multi-encoder
architecture, followed by variation of self-attention layers crafted to fit the SSI reconstruction task. While our
system was not directly compared with other groups’ computational-SSI architectures such as the popular CASSI
architecture [6-14], our simulations on a common database of reflective indoor and outdoor scenes [32] exhibit
excellent results using a much simpler hardware arrangement with approximately double optical throughput.
Preliminary experimental tests on versatile iPad-projected objects also exhibit very impressive results for a single-
camera system arrangement with either 1D or 2D binary diffuser using the DD-Net algorithms. The latter
emphasizes the importance of our novel CNN reconstruction architecture, which clearly outperforms CS-based
algorithms in terms of reconstruction quality. Moreover, our reconstruction results over 17 test cubes indicate a clear
advantage for the system arrangement with the 2D binary diffuser, compared with equivalent reconstructions
obtained by either CS-based or DL-based algorithms using a system arrangement with the 1D binary diffuser. The
improved performance for the 2D diffuser is explained by the additional spectral and spatial information that is
encoded along the vertical dimension and is being used by the neural network for the reconstruction of the spectral
cube. Future research may include experiments on real objects, which allow to evaluate more practical scenarios
than iPad-projected scenes. Specifically, It should be noted that the spectra of each iPad objects are assembled from
a linear combination of three base spectra, which correspond to the unique illumination of the red, green, and blue
light emitting diodes (LEDs) of the iPad screen. Since reflectance spectra of real objects greatly differ from the
illumination of the iPad’s LEDs, we expect that the training phase of the reconstruction network should be done on
reflective scenes, rather on iPad objects.



The results of this work indicate further progress towards applications of snapshot spectral imagers in

variety of fields, specifically in cases where light throughput, acquisition time, size and cost are cardinal.
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