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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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The binary diffuser is designed as a thin phase optical element placed at the entrance pupil of the 
monochromatic camera with lateral coordinates ( , ). 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 ( ′ , ′ ;  ) for each  wavelength of interest:  
 ( ′ , ′ ; ) = | ( ′ , ′ ; )| [ ( ′ , ′ ; )],    (1) 

 
where ( , ) are the lateral coordinates of the exit pupil plane, | ( ′ , ′ ; )| is the field amplitude 
transmittance and ( ′ , ′ ; ) is the added phase at the exit pupil. Assuming that the optical system is ideal in 
the absence of the diffuser, the added phase ( ′ , ′ ; ) 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 ,  for the  wavelength can be calculated as  
 ℎ , ′ , ′ ; = | { ( ′ , ′ ; )}| ,     (2) 

 
where {∙} 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: 

 , ( ′ ; ) = , if    cos[2 ⋅ ′ + ( ′ ; )] > 00, ℎ ,   (3) 

 
where ′  is the horizontal coordinate of the exit pupil plane,  is the design wavelength,  is the encoding 
spatial frequency that sets the dispersion extent and ( ′ ; ) is 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: ( ′ , ′ ; ) = 1 , ( ′ ; ) , ( ′ ; ).   (4) 

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 
μm, which equals 10 sensor pixels. The encoding frequency   was set to 100 [ ], 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 , ′ , ′ ;  for each wavelength  of interest, we first calculate the corresponding 
phase ( , ; ) as [1, 16, 29] 

 ( , ; ) = ( , ; ) ( )( ) ,   (5) 

where ( ) is the refractive index of the diffuser’s material for . 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  and diffusion extent   at the (1,0) and 
(0,-1) diffraction orders. 
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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 

System Configuration 
PSNR [DB] SSIM SAM [DEG] 

Best Worst Mean Best Worst Mean Best Worst Mean 

1D diffuser + Mono Camera + SBI&SVD 27.78 20.23 22.71 0.938 0.822 0.874 8.11 12.41 10.02 

1D diffuser + Dual Camera + SBI&SVD 27.83 19.50 23.28 0.964 0.910 0.944 7.60 12.72 9.83 

1D diffuser + Mono Camera + DD1-Net 37.96 19.62 30.23 0.985 0.887 0.955 1.34 6.35 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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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 

System Configuration 
PSNR [DB] SSIM SAM [DEG] 

Best Worst Mean Best Worst Mean Best Worst Mean 

1D diffuser + Mono Camera + SBI&SVD 21.60 16.39 19.62 0.566 0.439 0.488 44.24 49.65 46.30 

1D diffuser + Dual Camera + SBI&SVD 20.97 13.81 18.25 0.735 0.523 0.614 29.76 44.67 35.70 

1D diffuser + Mono Camera + DD1-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 × 256 ×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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