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The source code and pre-trained models will be made publicly available for further research.
In this supplementary material, we share more details that are not in our main paper, including:

(a) Mathematical model of CASSI in Sec. 1

(b) More visual results in Sec. 2

(¢) Limitation of our work in Sec. 3

(d) Broader impact in Sec. 4

(e) Code submission and reproducibility in Sec. 5

1 Mathematical Model of CASSI

The mathematical model of coded aperture snapshot spectral imaging (CASS]) is illustrated in Fig. 1.
The 3D HSI cube is denoted as F € R¥Z*XWXNx ‘where H, W, and Ny, refer to the height, width,
and total number of the wavelengths, respectively.

Firstly, F is modulated along the channel dimension by a pre-defined coded aperture (i.e., a physical
mask) M* € RE*W which can be formulated as

F'(:,;,ny) = F(;,:,ny) © M*, (1)
where F/ € RH*XWXNx indicates the modulated HSIs, ny € [1,...,N,] indexes the spectral
wavelengths, and © denotes the element-wise multiplication.

Secondly, the modulated cube passes through the disperser that scatters the light to different spatial
locations according to the wavelengths. This process makes F’ change its shape and become tilted.
Therefore, F’ could be considered as sheared along the y-axis. The tilted HSI cube is represented as
F/ ¢ REX(WHdNx=1))xNx wwhere d denotes the step of spatial shifting. We assume that \. implies
the reference wavelength and F”'[:, :, ny_] is the anchor image without being sheared along the y-axis.
Subsequently, the dispersion process can be formulated as

F"(u,v,ny) = F'(z,y + d(An — Ac), ), 2)

where (u, v) represents the coordinate system on the detector array, \,, implies the wavelength of the
n-th spectral channel, and d(\,, — \.) denotes the spatial shifting offset of the n-th channel on F”'.

Thirdly, the 3D data cube is compressed into a 2D measurement by integrating the spectral signals
across all the wavelengths. Suppose that the sensor integrates the whole light ranging from A, to
Amax- Then the compressed measurement y(u, v) can be formulated as

Amax
y(u,v) = / F (1, v, mp)dA, 3)
A

min

where f” indicates the continuous representation of F”’. Furthermore, to discretize Eq. (3), we denote
the 2D compressed measurement as Y € R *(W+d(Nx=1)) Then Eq. (3) can be reformulated as

Nx
Y = Z’ru:l F’(:,;,ny) + E, (@)

where E € RF>*(W+d(Nx=1)) implies the random imaging noise generated by the detector.
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Figure 1: The schematic diagram of coded aperture snapshot spectral imaging (CASSI).

For the simplicity of model description, we denote M € RH*(W+dNA=1))xNx aq the shifted
version of the mask M™* corresponding to distinct wavelengths. Similarly, we define F €
RHX(W+Hd(Nx—1))xNx 4 the shifted version of original HSI signal F. Consequently, we have

M(u,v,ny) = M*(z,y + d(A, — Ao)),

- 5
F(U,’U,TLA) :F<x7y+d()‘n _Ac)an)\)' ( )
Following this, we can reformulate the measurement Y in Eq. (4) as
Na -
Y:Zmle(.,.,n,\)@M(.,.,n,\)+E. (6)

Vectorization. To vectorize the matrices Y and E, we sety = vec(Y) and e = vec(E) € R", where
n = H(W +d(Nx—1)) and vec(-) indicates the operation of concatenating all columns of the matrix

as a single vector. Define X("») = vec(X(:,:,ny)), thus the vector x = vec([xD), ..., x("W)]) €
RN Similarly, the sensing matrix is defined as
® = [Dy,...,Dy,] € RN, (7

where D,,, = diag(vec(M(:,:,ny))) is a diagonal matrix, of which the diagonal elements are
vec(M(:, :,ny)). Following this, we can reformulate Eq. (6) into a vectorized version as

y=&xte. ®)

Eq. (8) is similar to the compressive sensing [1, 2] task since ® is a fat matrix, which means there
are more columns than rows in ®. It is noticed that ® is highly sparse, with at most n N, nonzero
elements. Although most existing compressive sensing theories can hardly work for our application
due to the very special structure of ® as in Eq. (7), it has been proved that the HSI signal can still be
reconstructed even if Ny > 1[3, 4, 5, 6].

For a given compressed measurement y captured by the camera and pre-designed sensing matrix ®,
one practical task of CASSI is to solve x, which is also the core research problem of our work.

2 More Visual Results

Fig. 2 depicts the reconstructed HSIs with 5 out of 28 wavelengths of seven SOTA BNN-based
methods (including BiConnect [7], BNN [8], Bi-Real [9], IRNet [10], ReActNet [11], BTM [12], and
BBCU [13]) and our BiSRNet on simulation Scene 9, 6, 8, 3, and real Scene 1 from top to bottom. In
simulation HSI restoration, other methods fail to restore high-frequency HSI contents. They tend to
produce over-smoothed results sacrificing fine-grained details and structural textures, or introducing
unpleasant artifacts. In contrast, our BiSRNet is more effective in producing perceptually-pleasing
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Figure 2: Reconstructed HSI results of 7 SOTA BNN-based algorithms and our BiSRNet with 5 out of 28
spectral wavelengths on simulation Scene 9, 6, 8, 3, and real Scene 1 from top to bottom. BiSRNet reconstructs
more detailed contents and suppresses more real noise. Please zoom in for better visualization performance.

and sharp images, and maintaining the spatial smoothness of the homogeneous regions without
introducing artifacts. Besides, in real HSI reconstruction, our BiSRNet is superior to other methods
in fine-grained content reconstruction, spectral density responses, and real noise suppression. These
results demonstrate the effectiveness, robustness, and generalization ability of our BiSRNet.

3 Limitation

The limitation of our work is that the model binarization sacrifices the HSI reconstruction performance.
More specifically, compared to the full-precision counterpart, our BiSRNet is 4.35 (34.11 - 29.76)
dB lower in PSNR and 0.099 (0.936 - 0.837) lower in SSIM. The PSNR and SSIM are reduced by
12.8% and 10.6%, respectively. However, this performance drop is smaller than that of other model
binarization methods. To handle this issue, we will study how to preserve more performance while
reducing the memory and computational complexity as much as possible in model binarization.

4 Broader Impact

HSI reconstruction is one of the core tasks in snapshot compressive imaging (SCI) and has been
studied for decades. Compared with normal RGB images, HSIs have more spectral bands to store
richer information of the desired scenes. Hence, HSIs are widely applied in many computer vision
related tasks, such as medical imaging [14, 15, 16, 17], object tracking [18, 19, 20, 21], remote
sensing [22, 23, 24, 25], and so on. Nowadays, billions of 3D HSIs are compressed by SCI systems.
Therefore, how to reconstruct the original 3D HSI signal from the 2D compressed measurement is
worth studying. Our BiSRNet is capable of reconstructing HSIs more efficiently and accurately than
all existing SOTA BNN-based methods, showing great value in practical applications.

Until now, HSI reconstruction techniques have no negative social impact yet. Our proposed BiSRNet
does not present any negative foreseeable societal consequences, either.

5 Code Submission and Reproducibility

We provide the source code and pre-trained models to reproduce the main results in Table 1,
Figure 5, and Figure 5 of our paper. Please refer to the folder ‘code’ and read the file ‘README.md’
for detailed instructions. The source code and pre-trained models will be released to the public.
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