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Abstract

Snapshot compressive imaging (SCI) is a new type

of compressive imaging system that compresses multiple

frames of images into a single snapshot measurement,

which enjoys low cost, low bandwidth, and high-speed sens-

ing rate. By applying the existing SCI methods to deal with

hyperspectral images, however, could not fully exploit the

underlying structures, and thereby demonstrate unsatisfac-

tory reconstruction performance. To remedy such issue, this

paper aims to propose a new effective method by taking ad-

vantage of two intrinsic priors of the hyperspectral images,

namely deep image denoising and total variation (TV) pri-

ors. Specifically, we propose an optimization objective to

utilize these two priors. By solving this optimization ob-

jective, our method is equivalent to incorporate a weighted

FFDNet and a 2DTV or 3DTV denoiser into the plug-and-

play framework. Extensive numerical experiments demon-

strate the outperformance of the proposed method over sev-

eral state-of-the-art alternatives. Additionally, we provide

a detailed convergence analysis of the resulting plug-and-

play algorithm under relatively weak conditions such as

without using diminishing step sizes. The code is avail-

able at https://github.com/ucker/SCI-TV-

FFDNet.

1. Introduction

Compressive sensing [5, 1] is a popular imaging technol-

ogy that can be employed to capture video [8, 19, 15, 32,

22, 23] and hyperspectral images [6, 24, 25, 30, 2]. One of

the most important compressive sensing systems is the so-

called snapshot compressive imaging (SCI) [15, 24]. Pre-

cisely, SCI uses 2D sensors to obtain higher dimensional

image data and exploit corresponding algorithms to recon-

struct the desired data. As compared with traditional com-

*Corresponding author.

pressive sensing technology, SCI possesses of low memory,

low power consumption, low bandwidth and low cost, and

as such, can be used to efficient capture the hyperspectral

images. Among the existing SCI systems, coded aperture

snapshot spectral imaging (CASSI) [25] is a representative

hyperspectral SCI system, which combines hyperspectral

images of different wavelengths into a single 2D one.

Along with the development of hardware, various re-

construction algorithms have been proposed for SCI. GAP-

TV [28] applied total variation minimization under the gen-

eralized alternating projection (GAP) [13] framework. Re-

cently, DeSCI [14] demonstrates the-state-of-art results in

reconstructing both video and hyperspectral image data. As

further shown in [31], DeSCI can be regarded as a plug-and-

play (PnP) algorithm that employs rank minimization as an

intermediate step during reconstruction. However, the low

computational speed of DeSCI precludes its applications.

For example, DeSCI costs more than six hours to recon-

struct a hyperspectral image of size 1021 × 703 × 24 from

its snapshot measurement. While GAP-TV is a faster algo-

rithm, it cannot reconstruct high-quality images that can be

fitted for real applications. Therefore, [31] incorporated a

deep denoiser network such as FFDNet [34] into PnP algo-

rithm [3]. Because FFDNet can be performed on GPU, it

runs very fast compared with DeSCI. However, [31] mainly

focused on video SCI reconstruction, and as we shall show

later, its reconstruction performance on hyperspectral im-

ages are not satisfactory.

Basically, applying DeSCI for hyperspectral image re-

construction requires to perform GAP-TV to get its initial

value. Numerical experiments revealed that this initial value

is crucial for the performance of DeSCI. If the initializa-

tion is slightly worse, the performance of DeSCI could be

largely poor. As such, it is highly demanding to develop

newly effective method to address the aforementioned is-

sues.

DeSCI which uses GAP-TV reconstruction results as its
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Figure 1. Sensing process of CASSI.

initialization can be regarded as a primitive way of com-

bining different priors. Considering that different intrinsic

priors could promote each other, we propose a new method

by combining the deep image denoising and TV priors to

enhance hyperspectral image reconstruction. Although us-

ing a denoising network such as FFDNet or TV regular-

ization alone can not obtain satisfactory results, the priors

combined by our method can take advantage of denoising

network and TV at the same time and make the two priors

promote each other, and thereby obtain more much better

reconstruction results.

Our paper makes the following contributions:

1. We propose a general framework that can combine

deep denoising and total variation priors for SCI re-

construction of hyperspectral images. In the recon-

struction process, these two priors can promote each

other to boost the quality of reconstructed images.

2. We conduct extensive experiments on both simulated

and real datasets. The numerical results have verified

the efficiency and effectiveness of our algorithm.

3. We prove the convergence of our algorithm for SCI

reconstruction without using diminishing step sizes.

What’s more, we are the first ones that prove the con-

vergence of accelerated PnP-GAP for SCI, which is

used in our simulated experiments.

The rest of this paper is organized as follows. We intro-

duce the SCI model and the corresponding reconstruction

algorithms in Section 2. Our proposed method and the con-

vergence analysis of the resulting algorithm are developed

in Section 3. Extensive experiments are presented in Sec-

tion 4.

Related work Different priors need to be employed if we

want to reconstruct images from SCI system. A variety of

algorithms have been proposed for SCI reconstruction, such

as sparsity-based algorithm [29, 33], GMM [26, 30], GAP-

TV [28] and DeSCI [14]. Among them, DeSCI has led to

state-of-the-art results. In addition to explicit modeling of

the priors of SCI problem, implicit priors are also employed

for reconstruction. [31] integrates various denoisers such

as FFDNet [34] into PnP algorithm for video SCI recon-

struction and obtain excellent reconsctruction results. Most

recently, some deep learning methods also achieves good

results for SCI problem [11, 12, 17, 18, 21, 16]. Differ-

ent from these methods, we combine deep denoising and

total variation priors into PnP framework to boost SCI re-

construction of hyperspectral images.

[31] proves the convergence of PnP-GAP for SCI re-

construction using diminishing step sizes. Recently, [20]

proves the convergence of PnP-ADMM without using di-

minishing step sizes. Inspired by these two works, we prove

the fixed point convergence of PnP-GAP and accelerated

PnP-GAP without using diminishing step sizes.

2. Review of Snapshot Compressive-spectral

Imaging

2.1. SCI model

CASSI is a representative SCI system for capturing hy-

perspectral image. Figure 1 shows the sensing process of

CASSI. The fixed mask spatially encodes the spectral scene.

The encoded scene is spectrally dispersed by the prism. Fi-

nally, a grayscale camera detects the spatial spectrum en-

coding scene. Therefore, the snapshot on the camera could

encode dozens of spectral bands of the scene.

So we consider that a B sensing masks C ∈ R
nx×ny×B

compresses and modulates a B-bands spectral image X ∈
R

nx×ny×B into the measurements Y ∈ R
nx×ny . This pro-

cess can be mathematically expressed as

Y =

B
∑

b=1

Cb ⊙Xb + Z, (1)

where Cb = C(:, :, b) and Xb = X(:, :, b) ∈ R
nx×ny rep-

resent the b-th sensing mask and the image of the corre-

sponding hyperspectral band, respectively; Z ∈ R
nx×ny

denotes the noise term; ⊙ denotes the Hadamard (element-

wise) product.
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We can rewrite Eq. (1) in matrix-vector product form as

y = Hx+ z, (2)

where y = Vec(Y) ∈ R
nxny and z = Vec(Z) ∈ R

nxny .

The hyperspectral image vector x ∈ R
nxnyB is expressed

as

x = Vec(X) = [Vec(X1)
T , ...,Vec(XB)

T ]T . (3)

Unlike traditional compressive sensing [5], the sensing ma-

trix H ∈ R
nxny×nxnyB in hyperspectral image SCI is not a

dense matrix. The special structure of H can be denoted as

H = [D1, ...,DB ]. (4)

where Db = diag(Vec(Cb)) ∈ R
n×n with n = nxny

, for b = 1, . . . B. Because x ∈ R
nxnyB and H ∈

R
nxny×nxnyB , the sampling rate of SCI is equal to 1/B.

[9, 10] have theoretically proved that the recovery of x from

y is possible when B > 1.

2.2. PlugandPlay Algorithms for SCI reconstruc
tion

The mathematical model of SCI can be expressed as the

following inverse problem:

x̂ = argmin
x

1

2
‖y −Hx‖22 + λg(x), (5)

where g(x) is the regularization, λ is the tuning parame-

ter of regularization. We shall introduce two algorithms for

image reconstruction, i.e., PnP-GAP and PnP-ADMM [31].

They are equivalent in the noiseless conditions [14]. In

this section, we simply give the concrete step of these al-

gorithms. If one want to know how to derive these steps,

please refer to [14].

PnP-ADMM for SCI PnP-ADMM has the following form:

x(k+1) = (HTH+ γI)−1[HTy + γ(v(k) + u(k))], (6)

v(k+1) = Dσ(x
(k+1) − u(k)) (7)

u(k+1) = u(k) + (v(k+1) − x(k+1)), (8)

where the superscript (k) denotes the iteration number.

PnP-GAP for SCI PnP-GAP has the following form:

x(k+1) =v(k) +HT (HHT )−1(y −Hv(k)), (9)

v(k+1) = Dσ(x
(k+1)). (10)

PnP-GAP first projects data on linear manifold y = Hx,

then denoises the projected data. In the noiseless condition,

accelerated PnP-GAP is proposed as follows:

y(k+1) =y(k) + y −Hv(k+1),

x̃(k+2) =v(k+1) +H(HHT )−1
(

y(k+1) −Hv(k+1)
)

,

v(k+2) =Dσ(x̃
(k+2)).

And accelerated PnP-GAP performs much better than PnP-

GAP in the noiseless condition. The relationship be-

tween PnP-GAP and accelerated PnP-GAP is discussed in

[14]. [31] further introduced the relationship between PnP-

ADMM and PnP-GAP.

3. Combining Deep Denoising and Total Varia-

tion Priors

As mentioned before, DeSCI for hyperspectral image re-

construction employs the GAP-TV result as its initial value,

which is critical to its performance. However, this way of

combining different priors is relatively primitive. We will

introduce our way of utilizing different priors in this section.

We shall first introduce the basic idea behind our method.

Assume that there exists a best prior in each step of SCI re-

construction algorithm. If the optimization algorithms with

different priors have similar reconstruction processes1, their

best priors for each iteration should be similar in the recon-

struction processes. Assume that there have two priors we

want to combine, our method chooses the prior closest to

these two priors, then such a prior is likely to be close to

the best prior. Intuitively, the closeness of different priors to

each other gives them a chance to possess the advantages of

each other. Motivated by this, we propose a general frame-

work based on PnP algorithm to combine two different pri-

ors namely FFDNet and TV. The basic idea of this method

is shown in Figure 2.

FFDNet & TV

Ours

Best

Figure 2. Our method would like to combine the two posteriors

p(v|x) and q(v|x) corresponding to FFDNet (gray line) and TV

(gray dash-dot line). These posteriors are determined by the dis-

tribution of hyperparameter p(σ|x) and q(t|x). FFDNet and TV

with random distributions p(σ|x) and q(t|x) are away from the

best posterior (red line). Our method (blue line) finds the closest

posterior between FFDNet and TV posterior which is closer to the

best posterior.

1The reconstructed images are similar in each iteration.
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In the following Section 3.1, we shall treat the denoising

step in the PnP algorithm as MAP estimation, derive the

posterior2 for denoiser, and put forward the optimization

objective of our method.

3.1. Denoiser into Posterior

The denoising step v(k+1) = Dσ(x
(k+1)) is equivalent

to solve the following problem:

v(k+1) = argmin
v

λ

γ
g(v) +

1

2
‖x(k+1) − v‖22, (11)

where g(v) is the regularization term. The proximal oper-

ator of g(v) can be employed as FFDNet and TV denoiser.

From the probability perspective, Eq. (11) can be regarded

as maximum a posterior (MAP) estimation

v(k+1) = argmax
v

p(v|x(k+1), σ) (12)

= Dσ(x
(k+1)). (13)

Now we assume there exists a distribution about the de-

noiser hyperparameter σ and denote it as p(σ|x(k+1)). With

the distribution of hyperparameter, we integrate σ to elimi-

nate the hyperparameter as

p(v|x(k+1)) =

∫

p(v|x(k+1), σ)p(σ|x(k+1))dσ. (14)

It is easy to see that Eq. (14) is the posterior we get from the

denoiser Dσ .

Since our method is proposed to combine two denoisers,

we denote another denoiser as Dt. Doing the same to Dt as

above, we have

q(v|x(k+1)) =

∫

q(v|x(k+1), t)q(t|x(k+1))dt. (15)

Then our goal is to minimize the distance between

p(v|x(k+1)) and q(v|x(k+1)), that is,

min
p(σ|x(k+1)),q(t|x(k+1))

dist
(

p(v|x(k+1)), q(v|x(k+1))
)

,

(16)

where dist(·, ·) is the distance function. To minimize such

distance, we list two challenges and their corresponding so-

lutions:

• p(v|x(k+1), σ) and q(v|x(k+1), t) are unknown distri-

butions, which need to be estimated;

• p(v|x(k+1)) and q(v|x(k+1)) are difficult to calculate

and should be discretized the integral in Eq. (14) and

Eq. (15).

Next we shall address these challenges and make prob-

lem (16) to be solvable.

2We do some clarification on words posterior and prior here. Pos-

terior has a one-to-one correspondence to denoiser. And denoiser is an

implicit prior in our method. Therefore, posterior and prior is the same

thing to some extend here.

3.2. Minimizing Distance between Posteriors

We now address the aforementioned two challenges by

minimizing the distance between posteriors. The denoisers

corresponding to the two posteriors p(v|x) and q(v|x)3 are

FFDNet and TV. We then model the distribution p(v|x, σ)
and q(v|x, t).

It is natural to model the posterior p(v|x, σ) of FFDNet

as Gaussian distribution, since the training data of FFDNet

is a pair of clean and noisy image and the noise distribution

is Gaussian. Thus, we have

p(v|x, σ) = N(FFDσ(x), σI), (17)

where I is the identity matrix, FFDσ(x) is FFDNet which

takes x as its input, σI is the covariance matrix of the

Gaussian distribution. Noting that FFDσ(x) has the size

of nx × ny ×B if we aggregate the denoising results of all

spectral bands.

We can also use Gaussian distribution to model the pos-

terior for TV denoiser. Thus,

q(v|x, t) = N(TVt(x),Σt), (18)

where TVt(x) ∈ R
nx×ny×B is the mean, Σt is the covari-

ance matrix. For simplicity, we assume Σt is a constant ma-

trix. As one could see later, the actual value of Σt doesn’t

matter in our algorithm, so we need not to spend more effort

on modeling the specific variance of q(v|x, t).

We are now at the position of tackling the second chal-

lenge. In essence, the difficulty of calculating p(v|x) and

q(v|x) comes from the continuity of σ and t. Therefore,

a very straightforward method is to discretize σ and t. To

discretize σ, we consider σ ∈ A where A is a set with fi-

nite elements and p(σ|x) is a discrete distribution. Doing

the same way to t, we consider t ∈ B where B is also a

set with finite elements. We thus have two discrete distribu-

tions p(σ|x) and q(t|x). Therefore, Eq. (14) and Eq. (15)

can be rewritten as

p(v|x) =
∑

σ∈A

p(v|x, σ)p(σ|x),

q(v|x) =
∑

t∈B

p(v|x, t)p(t|x).

Then the key is to specify the distance function dist(·, ·)
in problem (16). Basically, various metrics can be used

as the distance, such as KL divergence, L2 distance, and

MMD [7]. For simplicity, we choose to use the L2 distance

between the first moments of p(v|x) and q(v|x) because of

its computational efficiency and good experimental results.

In other words, the mean of p(v|x) and q(v|x) is expected

3We omit the superscript (k + 1) for simplicity.

9130



to be close. Therefore, we come to the following optimiza-

tion problem:

min
p(σ|x),q(t|x)

‖Ep(v|x)[v]− Eq(v|x)[v]‖
2
2.

By rearranging the above optimization problem and denot-

ing wffd
σ = p(σ|x), σ ∈ A and wtv

t = q(t|x), t ∈ B, we

can obtain the following optimization problem:

min
wffd,wt

‖
∑

σ∈A

wffd
σ FFDσ(x)−

∑

t∈B

wtv
t TVt(x)‖

2
2 (19)

subject to
∑

σ∈A

wffd
σ = 1,

∑

t∈B

wtv
t = 1,

wffd
σ ≥ 0, wtv

t ≥ 0, σ ∈ A, t ∈ B,

where wffd = {wffd
σ : σ ∈ A} and wtv = {wtv

t : t ∈ B}.

The above optimization problem (19) can be rewritten as

min
W

WTPW (20)

subject to

|A|+|B|
∑

i=|A|+1

Wi = 1

|A|
∑

i=1

Wi = 1,W ≥ 0,

where W = [wffd
σ1

, · · · , wffd
σ|A|

, wtv
t1
, · · · , wtv

t|B|
]T . We

further set Xf = [FFDσ1(x), · · · , FFDσ|A|
(x)], Xt =

[TVt1(x), · · · ,TVt|B|
(x)], then the semi-positive definite

matrix P is expressed as

P =

[

XT
f Xf −XT

f Xt

−XT
t Xf XT

t Xt

]

.

The optimization problem (20) is a quadratic program.

Since |A| + |B| is relatively small in our experiment, the

problem (20) can be efficiently solved.

By solving problem (20), we get two similar posteriors

that could have the advantages of each other. Then we sim-

ply combine these posteriors on average and get a weighted

denoiser from the mean of the combined posterior4. And

this weighted denoiser can be easily employed in PnP algo-

rithm, just as the following subsection shown.

3.3. Algorithm

Actually, we can apply our method to any plug-and-play

algorithm and take PnP-GAP as an example here. Precisely,

our algorithm has the following four steps:

4In fact, we should perform maximum a posterior estimation for the

combined posterior. However, the combined posterior is Gaussian Mix-

ture distribution and MAP for Gaussian mixture distribution is non-convex

problem which is hard to optimize. We indeed find that the mean of Gaus-

sian mixture distribution is equivalent to weighted denoisers which is rea-

sonable in common sense and could get good experimental results.

1. Euclidean projection. This procedure is the same as

Eq.(9);

2. Obtain the denoising image based on the hyperparame-

ters in the sets A and B. Denote them as {vσ : σ ∈ A}
and {vt : t ∈ B};

3. Solve problem (20) and get the best weighting coeffi-

cient ŵffd and ŵtv;

4. Obtain the denoising result

v(k+1) =
1

2
(
∑

σ∈A

ŵffd
σ vσ +

∑

t∈B

ŵtv
t vt). (21)

Compared with the classic PnP-GAP, our algorithm needs to

perform |A|+ |B| steps for denoising and solve a quadratic

programming problem. The pseudo-code of our method is

illustrated in Algorithm 1.

Algorithm 1 our proposed PnP GAP

Require: H, y.

1: Initial v(0), A, B
2: while Not Converge do

3: Update x by Eq. (9).

4: Obtain denoising image set {vσ : σ ∈ A} by

v
(k+1)
σ = FFDσ(x

(k+1)).
5: Obtain denoising image set {vt : σ ∈ B} by

v
(k+1)
t = TVt(x

(k+1)).
6: Solve optimization problem (20).

7: Update v by Eq. (21)

8: end while

3.4. Fixedpoint Convergence

Motivated by [20] and [31], we shall prove the proposed

PnP-GAP converges to a fixed point. Different from [31],

we can prove the convergence without using diminishing

step sizes. What’s more, we also prove the convergence of

accelerated PnP-GAP which is employed in our simulated

experiments. To this end, we make the following Assump-

tion 1 about the denoiser. Because the proposed algorithm is

equivalent to employ weighted denoiser in PnP algorithm,

we prove that the weighted denoiser also meets Assump-

tion 1 in Lemma 1. Then we convert proposed PnP-GAP

and accelerated PnP-GAP into two operators respectively.

Theorem 1 and Theorem 2 state that their operators are con-

tractions in some conditions.

We first introduce the assumption of the denoisers used

in our proof.

Assumption 1 (Assumption (A) in [20]). We assume that

all denoisers Dσ : Rd 7→ R
d used in our method satisfy

‖(Dσ − I)(x)− (Dσ − I)(y)‖2 ≤ ǫ‖x− y‖2 (22)
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for all x, y ∈ R
d for some ǫ > 0.

Basically, one can choose small σ such that Dσ is close

to identity mapping. Therefore, Assumption 1 is reason-

able. If all denoisers meet Assumption 1, it can be proved

that the weighted denoiser also meets Assumption 1.

Lemma 1. S = {Dσ : σ ∈ S} is a set of denoiser satisfy-

ing Assumption 1 and |S| < ∞. Then the weighted denoiser

of S:

Dw(x) =
∑

σ∈S

wσDσ(x)

also satisfies Assumption 1, where
∑

σ∈S wσ = 1, wσ ≥
0, ∀σ ∈ S.

See the proof in the supplementary material.

In order to prove the convergence, we further need the

following assumption.

Assumption 2 (Assumption 1 in [31]). Assume that

{Rj}
n
j=1 > 0 which means for each spatial location j, the

B-frame modulation masks at this location have at least one

non-zero entries. We further assume Rmax > Rmin.

In Assumption 2, R = HHT = diag(R1, · · · , Rn) and

we define

Rmax :=max(R1, · · · , Rn) = λmax(HHT ),

Rmin :=min(R1, · · · , Rn) = λmin(HHT ),

where λmax(HHT ) and λmin(HHT ) represent maximum

and minimum eigenvalues of HHT respectively.

3.4.1 Convergence of PnP-GAP

We denote P as the Euclidean projection and Dσ as de-

noiser. Next theorem states the convergence of PnP-GAP.

Theorem 1. Assume H satisfies Assumption 2. Then the

following operator

G = Dσ ◦ P

is a contraction if Dσ satisfies Assumption 1 and

0 < ǫ <

√

Rmax

Rmax −Rmin
− 1.

Remark 1. In Theorem 1, G first projects data and then de-

noises the projected data which is equivalent to PnP-GAP.

G being a contraction means PnP-GAP converges to a fixed

point.

See the proof of Theorem 1 in the supplementary mate-

rial.

3.4.2 Convergence of accelerated PnP-GAP

To prove the convergence of accelerated PnP-GAP, we need

to prove the following operator is a contraction, that is,

T =
1

2
I+

1

2
(2P − I)(2Dσ − I) (23)

where P is the Euclidean projection onto the linear man-

ifold y = Hx and Dσ is a denoiser. z(k+1) = T (z(k))
is the PnP-DRS (plug-and-play Douglas–Rachford split-

ting) whose convergence is equivalent to the convergence

of PnP-ADMM5. And the convergence of PnP-ADMM

is equivalent to the convergence of accelerated PnP-GAP

(these equivalences are presented in supplementary mate-

rial). Now, the following theorem says that T is a contrac-

tion.

Theorem 2. Assume H satisfies Assumption 2. Let P be a

Euclidean projection on linear manifold y = Hx. Then

T =
1

2
I+

1

2
(2P − I)(2Dσ − I)

is a contraction if Dσ satisfies Assumption 1 and

0 < ǫ < 1−

√

1−
Rmin

Rmax
.

Remark 2. From the supplementary material, one can

know that there are the following relationships between dif-

ferent algorithms:

Convergence of PnP-DRS

⇒ Convergence of PnP-ADMM

⇒ Convergence of accelerated PnP-GAP.

Theorem 2 has proved the convergence of PnP-DRS, which

means accelerated PnP-GAP converges to a fixed point.

The proof of Theorem 2 can be found in the supplemen-

tary material.

4. Experiments

In this section, we compare our proposed method with

several state-of-the-arts such as GAP-TV and DeSCI. Be-

cause our algorithm combines TV and FFDNet, we also

compare PnP-FFDNet-TV (denoted as FFDNet-TV in ta-

bles and FFD TV in figures), which first performs 50 it-

eration FFDNet and then 50 iteration TV6. PnP-FFDNet-

TV is a primitive way of combining different priors. The

performance of different algorithms is evaluated by two

measures: peak signal-to-noise ratio (PSNR) and structural

5PnP-ADMM here is different as it updates x
(k+1) with Eq. (9) in-

stead of Eq. (6).
6The results of first performing TV denoising are worse.
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Table 1. The results of PSNR in dB (left entry in each cell) and SSIM (right entry in each cell) by different algorithms on Bird and Toy.

Data 2DTV 3DTV FFDNet DeSCI FFDNet-TV Ours (2DTV) Ours (3DTV)

Toy 25.26, 0.8630 28.46, 0.9102 24.28, 0.8298 26.62, 0.9116 25.49, 0.8748 29.35, 0.9249 28.86, 0.9225

Bird 37.58, 0.9361 25.84, 0.7919 36.60, 0.9171 38.25, 0.9520 38.21, 0.9383 39.73, 0.9559 31.30, 0.9069

Table 2. The average results of PSNR in dB (left entry in each cell) and SSIM (right entry in each cell) by different algorithms on CAVE.

2DTV 3DTV FFDNet DeSCI FFDNet-TV Ours (2DTV) Ours (3DTV)

Average 30.70, 0.8812 30.15, 0.8906 28.65, 0.8339 31.71, 0.9153 31.26, 0.8867 34.46, 0.9318 34.79, 0.9347

Truth

Ours

DeSCI

3DTV

FFD_TV

FFDNet

TV

Figure 3. Simulated data: Bird. The three frames are at wave-

lengths 591.02nm, 630.13nm, and 674.83nm. Our results here are

reconstructed by 2DTV+FFDNet.

similarity (SSIM)7. The supplementary material also in-

troduces the comparison between deep learning [17] and

learned prior [4] methods. Our task used the deep network

FFDNet, but it was trained on other tasks, and we directly

used the network model and parameters from https:

//github.com/cszn/KAIR. Also, DeSCI requires

7We use python library scikit-image to calculate these metrics.

We first clip the image into the interval [0, 1]. Then images are converted

into unsigned integers in 0-255. Finally, performance is evaluated based

on the converted images.

GAP-TV as its initialization while ours not. We reconstruct

Bird and Toy image based on the code released by [14].

While in the CAVE [27] experiment, we set the iteration of

GAP-TV to 250 so that the algorithm can fully converge.

Handcrafted GAP-TV iteration numbers for each data in

the CAVE can obtain better results, but this process could

be time-consuming. The iteration number of DeSCI is set

to 60. We consider that the comparison between various

methods is fair because we don’t intentionally set the itera-

tion number of any algorithm. Besides, we use PyTorch to

implement TV denoiser so that the use of GPU can increase

the speed of our algorithm.

4.1. Simulated Data

The shifting random binary mask [15] is used in our sim-

ulation. Bird and Toy data are provided by [14]. We gen-

erate a random mask for each data in CAVE.

Bird and Toy We select Bird and Toy data that are also

used in [14]. Bird [6] consists of 24 spectral bands, and

the size of each spectral band is 1021 × 703. Toy data

comes from [27], which consists of 31 bands and the size

of each band is 512× 512. We use exactly the same data as

[14] for the experiment. The results of Bird and Toy are

tabulated in Table 1. In the table, the results of our method

are presented with gray background. And ‘Ours (2DTV)’

in the table means that the experiment combines FFDNet

and 2DTV denoiser, and ‘Ours (3DTV)’ means that FFD-

Net and 3DTV denoiser are combined. As one can see in

Figure 3 and Figure 48, our method recovers images with

more details than other methods.

CAVE To verify the effectiveness of our method, we con-

duct experiments on the entire CAVE dataset. CAVE in-

cludes 32 hyperspectral images, and each image contains 31

spectral bands. The image size of each band is 512 × 512.

The average results of different methods applied to CAVE

are listed in Table 2 (the results of our method are presented

with gray background). Our average result is higher than

DeSCI about 3dB. The results of all images in CAVE is tab-

ulated in the supplementary material. Our method can pre-

serve more details in the reconstructed image while there

are more artifacts in the reconstructed image of other meth-

8In all figures of this paper, the results generated by our method com-

bine FFDNet and TV priors.
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Truth

Ours

DeSCI

3DTV

FFD_TV

FFDNet

TV

Figure 4. Simulated data: Toy. The four frames are at wavelengths

580nm, 620nm, 660nm, and 700nm. Our results here are recon-

structed by 2DTV+FFDNet.

ods (some results shown in the supplementary material).

The intensity of some simulated data is shown in the sup-

plementary material. We randomly pick the green box area

in these images to calculate the intensity.

4.2. Real Data

We obtained real data Bird from [14]9 whose measure-

ment is noisy and generated from a real mask. Also, De-

SCI performs better than TV and FFDNet-TV. And the re-

sult of FFDNet is not reported here since it reconstructs a

low-quality image. What’s more, 2DTV is used in GAP-

TV and our method for its good performance. Compared

with other methods, the image reconstructed by our method

has more details, and the results of other methods are a bit

blurry (shown in the supplementary material). Besides, our

9This paper also provides another real data object. The result of

object is reported in the supplementary material.

method can save a lot of time compared to DeSCI. In the ex-

periment, our method takes about 20 minutes to reconstruct

these images, while DeSCI takes about 6 hours and 20 min-

utes. Figure 5 shows the intensity of Bird. We select the

same areas as [14]. The image reconstructed by our method

has a larger correlation coefficient than others.

RGB Image Snapshot Measurement

Figure 5. Real data: Spectral curves of real Bird hyperspectral

image. The areas selected are the same as [14].

5. Conclusion

In this work, we propose a newly effective method to

combine the FFDNet and TV priors to improve the existing

PnP SCI algorithm for hyperspectral image reconstruction.

Extensive experiments on both simulated and real datasets

demonstrate that our method can take advantages of both

two priors and make them mutually promote. That is to

say, our method obtains better results than using FFDNet

or TV alone. Also, our method is a general framework for

any PnP algorithm, and thus could be extended to deal with

other imaging applications.
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