






6. DOE initialization
Jointly optimizing a DOE and a CNN for hyperspectral-

depth imaging is a challenging, non-convex inverse prob-
lem that aims at simultaneously solving multiple tradi-
tional problems, including phase retrieval, spectral super-
resolution, monocular depth estimation, and deconvolu-
tion. This non-convex nature makes it crucial to find a
good initialization of the optimization parameters. In par-
ticular, the initialization of the DOE has been shown to
be important and is specific to a target application [13].
For hyperspectral-depth imaging, we therefore seek to
find a proper initialization of the DOE through a Fisher-
information-based optimization to obtain the initial DOE
height field [11]. Since the Fisher information matrix for the
general hyperspectral depth imaging problem is too large
to evaluate, we consider a simpler subproblem where we
estimate the location and wavelength of a monochromatic
point-source emitter from its single RGB image (Jc). Its
Fisher information matrix I then describes the sensitivity
of the observed PSF to the spatial emitter positions (px, py ,
pz) and wavelengths (p�). When the brightness of the point
source is known, the Fisher information matrix under the
Gaussian noise model is given as:
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where � = fpx; py; pz; p�g, � is the standard deviation of
the Gaussian noise, k is the pixel index, and h is the DOE
height field. While the Fisher information depends on the
position and wavelength of the point-source emitter, we aim
to find a DOE height field that provides high Fisher infor-
mation for all sources in our design space. To achieve this,
we optimize the height of the DOE by minimizing the mean
of the A-optimality of the Fisher information matrix over a
set of monochromatic point sources located on the optical
axis:
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where A is the A-optimality, which is the trace of the in-
verse of the Fisher information matrix I. The design space
of the imaging system is characterized by the set of wave-
lengths � and the set of the depth layers z where the point
sources are placed. Since Equation (2) is not a convex prob-
lem, we solve it based on stochastic gradient descent op-
timization, using the Adam optimizer. This optimization
itself requires an initialization, for which we choose a con-
ventional Fresnel DOE lens pattern. We set the brightness
of the point source so as to ensure the maximum intensity of
the captured PSFs of a Fresnel lens is 0:8 of the maximum
intensity of the image.

Evaluation. We tested three different initial DOE designs
for end-to-end HS-D imaging: the Fresnel lens, the spiral

DOE [4], and the Fisher-information-based DOE. Table 1
compares how much the end-to-end optimization process of
optics improves the accuracy of reconstructed spectral and
depth information for different initializations. Among the
three candidates, we chose the Fisher-based initialization as
it is superior to other initializations in terms of spectral and
depth accuracy.

Initialization Fresnel Spiral [4] Fisher [11]

Sp
ec

. PSNR [dB] 27.96!28.68 26.90!27.67 28.51!29.31
SSIM 0.74!0.78 0.64!0.75 0.79!0.81

D
ep

th RMSE [m] 0.21!0.19 0.32! 0.26 0.23! 0.20
MAE [m] 0.15! 0.12 0.20! 0.18 0.15! 0.12

Table 1. DOE initialization for end-to-end learning. We used three
different DOE initializations for our end-to-end optimization. The
Fisher-initialized DOE optimization is superior to other initializa-
tions for spectral and depth reconstruction, and the Fresnel-lens-
initialized optimization is the second best option.

7. End-to-end Optimization

Phase vs. height. Instead of optimizing DOE height,
we use its unwrapped phase for the optimization variable.
This avoids additional complexity of employing physical-
fabrication constraints as a loss function. Specifically, we
optimize the unwrapped phase shift � by the DOE at the
wavelength of 550 nm. Once the phase is optimized, we ap-
ply phase wrapping to �wrap and convert this to a physical
DOE height as h = �

2�
�wrap

(���1) .

Training details. We implement end-to-end optimization
in Pytorch and uses the Adam optimizer [7]. The total num-
ber of network parameters is 39,484,378. The learning rates
for the DOE phase and network weights are set as 10�4. We
decay the learning rates differently for the DOE and net-
work by 0.1 per 10 epochs and 0.1 per 20 epochs, respec-
tively, following [13]. Once the DOE shape is converged,
we fix the DOE and keep training the network for training
efficiency. The end-to-end training takes 12 epochs in about
48 hours, after which the reconstruction part was trained for
an additional 30 epochs, also taking 48 hours. We use a
workstation equipped with a 3.40 GHz Intel i7-3770 CPU,
32 GB of main memory, and an NVIDIA Titan Xp GPU
with 12 GB memory. For testing, it takes about 1.45 seconds
to reconstruct a hyperspectral-depth image with the resolu-
tion of 1412�2120.

Finetuning. After we built the prototype with the fab-
ricated DOE and calibrated the PSF of the prototype, we
found that low diffraction efficiency of the real DOE causes
a long tail of PSF with low levels of intensity (similar to
noise), forming a very large convolution kernel. To meet the
requirement of memory footprint in GPU, we excluded the
noisy long tail from our real PSF model. It results in com-










