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Abstract

Seeing-in-the-dark is one of the most important and
challenging computer vision tasks due to its wide appli-
cations and extreme complexities of in-the-wild scenar-
ios. Existing arts can be mainly divided into two threads:
1) RGB-dependent methods restore information using de-
graded RGB inputs only (e.g., low-light enhancement), 2)
RGB-independent methods translate images captured under
auxiliary near-infrared (NIR) illuminants into RGB domain
(e.g., NIR2RGB translation). The latter is very attractive
since it works in complete darkness and the illuminants are
visually friendly to naked eyes, but tends to be unstable due
to its intrinsic ambiguities. In this paper, we try to robustify
NIR2RGB translation by designing the optimal spectrum
of auxiliary illumination in the wide-band VIS-NIR range,
while keeping visual friendliness. Our core idea is to quan-
tify the visibility constraint implied by the human vision sys-
tem and incorporate it into the design pipeline. By model-
ing the formation process of images in the VIS-NIR range,
the optimal multiplexing of a wide range of LEDs is auto-
matically designed in a fully differentiable manner, within
the feasible region defined by the visibility constraint. We
also collect a substantially expanded VIS-NIR hyperspec-
tral image dataset for experiments by using a customized
50-band filter wheel. Experimental results show that the
task can be significantly improved by using the optimized
wide-band illumination than using NIR only. Codes Avail-
able: https://github.com/MyNiuuu/VCSD.

1. Introduction
Seeing-in-the-dark is critical for modern industries, be-

cause of its promising applications in nighttime photogra-
phy and visual surveillance. However, it remains challeng-
ing due to complex degradation mechanisms and dynamics
of in-the-wild environments.

To achieve this task, a number of methods have been pro-
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posed, which can be roughly divided into two threads. The
first thread features RGB-dependent methods [3, 4, 29, 42,
44,45,52] that aim to fully exploit the RGB input, even with
severe degradations. These methods have gained great suc-
cess through directly learning the mapping from low-light
input to normal-light output, in the presence of complex
noises and color discrepancies. However, even state-of-the-
art methods along this thread may struggle with in-the-wild
data captured under nearly complete darkness.

In contrast, the second thread features RGB-independent
methods [24, 28, 33, 38, 40] for non-interfering surveillance
that try to recover RGB information from images of invis-
ible ranges, without requiring any RGB input. The most
attractive characteristics lie in its applicability to complete
darkness and the visual friendliness of auxiliary illumina-
tion to naked eyes. NIR2RGB is one of the representative
tasks of this thread, which aims to translate near-infrared
images to RGB images.

As for auxiliary illumination in the NIR range, the in-
dustry practice is to use NIR LEDs, usually centered at
850 nm or 940 nm. However, the captured images are
almost monochromatic and lack visual color and texture,
which makes NIR2RGB translation ambiguous. The funda-
mental reasons for the ambiguities are two folds: 1) The
spectral sensitivities of commodity RGB cameras almost
overlap around both 850 nm and 940 nm, making it hard
to recover three-channel color from a single intensity ob-
servation. 2) Reflectance spectra of many materials become
almost indistinguishable beyond 850 nm, which leads to ob-
vious structure gaps from RGB images. As a result, exist-
ing studies that tried to directly convert such NIR images
to VIS images, even with the most advanced deep learn-
ing techniques, can hardly provide satisfying results due
to these fundamental restrictions. In [24], Liu et al. pro-
posed to properly multiplex different NIR LEDs, ranging
from 700 nm to 1000 nm, to robustify the NIR2RGB task,
and achieves apparently better results than using traditional
850 nm or 940 nm LEDs. However, structure gaps still ex-
ist due to the restriction of wavelengths in the NIR range,
making the results far from satisfying.
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The basic motivation of these methods arises from the in-
visibility of human naked eyes to NIR lights, so as to reduce
visual interference and light pollution. However, up to now,
none of these works have explicitly formulated the visibility
of certain illumination. Liu et al. [24] empirically picked up
the NIR range beyond 700 nm, and there is a clear tendency
that LEDs closer to this prescribed boundary are preferred
according to their results. A natural question is: Is there
an exact boundary between visible and invisible? This is
important since it determines how much information in the
VIS range can be utilized to help RGB recovery.

Inspired by the aforementioned methods, we propose to
quantify and incorporate the human vision system into our
model, which enables us to significantly robustify this task
via illumination spectrum design in the wide-band spectral
range from 420 nm to 890 nm. Similar to [24], we directly
optimize the spectral curve by training an image enhance-
ment model on hyperspectral datasets. Specifically, based
on the human vision system, we establish a Visibility Con-
strained Spectrum Design (VCSD) model to quantify the
visibility of certain spectra, and to assure the prescribed vis-
ibility level will not be violated. To achieve this, a visibility
threshold Ψ̂ is introduced, which serves as the visibility up-
per bound during the spectrum design process. In practice,
this threshold can be changed according to the desired level
of visibility, without destroying the validity of our method.
According to the upper bounded visibility level, the model
scales down the designed LED spectrum (if necessary) to
assure that the new spectrum is friendly to naked eyes. Af-
ter that, we design a physic-based Imaging Process Simu-
lation (IPS) model which synthesizes images using the cor-
responding LED spectrum, camera spectral sensitivity, and
the reflectance spectrum of the scene. The IPS model also
contains a noise model to consider the noise effect during
the realistic imaging process. Since we consider the spec-
trum from 420 nm to 890 nm, we synthesize one VIS image
with lights shorter than 700 nm and one VIS-NIR image
with the full spectrum. Through deep learning, we directly
minimize the reconstruction loss and finally get the optimal
LED spectral curve that can be physically realized by driv-
ing LEDs with appropriate voltage and current.

We evaluate the effectiveness of our model and designed
curve on hyperspectral datasets including our proposed and
previous [32] datasets. Compared to existing methods, our
model clearly achieves superior results, demonstrating the
powerfulness of wide-band illumination spectrum design
under visibility constraints.

The main highlights of this work are:

• For the first time, we propose a paradigm that quan-
tifies and incorporates the human vision system for
seeing-in-the-dark, which enables us to significantly
improve the task via illumination spectrum design in
a wide-band coverage from 420 nm to 890 nm.

• A novel Visibility Constrained Spectrum Design
(VCSD) model is proposed to formulate and assure the
visibility level of certain spectra to human naked eyes
during the optimization process. The visibility thresh-
old can be changed according to the desired level of
visibility, without destroying the validity of the model.

• We design a physic-based Imaging Process Simula-
tion (IPS) module which synthesizes the input images
based on the imaging process and the noise model.

• We contribute a VIS-NIR wide-band hyperspectral im-
age dataset to supplement existing ones in terms of
quality and quantity.

2. Related Work
Image Enhancement. Low-light image enhancement in
the visible range is a critical and challenging task. Tra-
ditional image enhancement methods were mostly based
on histogram manipulation [1, 5, 15, 23, 37] or Retinex the-
ory [10, 13, 19, 22, 27, 43]. In recent years, many learning-
based methods have been proposed and attracted increas-
ingly wide interest [12, 17, 29, 42, 45]. Wei et al. [45] com-
bined traditional Retinex theory with deep neural networks
and provided an end-to-end framework for low-light en-
hancement. Supervised learning has been extensively ex-
ploited for enhancing low-light RAW images [4, 44] and
videos [3, 16, 41, 52]. Very recently, enhancement meth-
ods with additional spectral image assistance have been pro-
posed and gained great success. Xiong et al. [48] intro-
duced a new flash technique for low-light imaging which
uses deep-red light for assistance. They utilize the sensi-
tivity of silicon sensors to 660 nm deep-red light and de-
sign a camera prototype together with a fusion network to
reconstruct extra-dim scene images. However, the model
suffers from color distortion and is unsuitable for wider ap-
plication scenarios because deep-red flash is visible to hu-
man eyes and can be annoying or even harmful. Instead
of using 660 nm deep-red light as guidance, Jin et al. [18]
used 850 nm near-infrared images to guide the enhance-
ment process. Compared to deep-red images, 850 nm NIR
images suffer from structural discrepancy from correspond-
ing RGB images under certain circumstances (e.g., shadows
and dyes). To overcome this issue, they proposed the Deep
Inconsistency Prior (DIP) to adaptively leverage the struc-
ture inconsistency to guide the fusion of RGB-NIR.
NIR-to-RGB Translation. NIR-to-RGB Translation aims
to colorize a NIR image into an RGB image. Limmer et
al. [28] first trained a deep multi-scale convolutional neu-
ral network that performs direct and integrated transfer be-
tween NIR and RGB pixels. Suárez et al. [38] learned each
color channel independently for NIR colorization based on
the usage of a triplet model to pursue fast convergence and
greater similarities. Wang et al. [40] proposed a multi-task
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framework that employs additional supervision, such as se-
mantic loss, to aid in the NIR colorization process. To
deal with the unpaired data, Nyberg et al. [33] and Mehri
et al. [31] learned the mapping with an unsupervised Gen-
erative Adversarial Network (GAN) [11] based on Cycle-
GAN [54]. However, the outputs of these methods suffer
from extreme blurring as well as texture and chrominance
mismatching due to the poor associations between outputs
and ground truth images. Wu et al. [47] proposed a super-
vised learning-based method for NIR2RGB video transla-
tion, yet the training data were captured in the daytime, and
the gap of illumination distribution between artificial LEDs
and natural illuminants still exists.

NIR and RGB Image Fusion. Traditional image fusion
methods were often based on spatial transformation tech-
niques such as wavelet transform [25], contourlet trans-
form [7], and edge-preserving filter-based transform [30].
Yan et al. [51] proposed a novel fusion method based on the
spectral graph wavelet transform (SGWT) and the bilateral
filter. Hu et al. [14] used the cumulative distribution of gray
levels and entropy to adaptively retain infrared-hot targets
and visible textures while fusing infrared and visible videos.
Due to the rapid development of deep learning in recent
years, many learning-based methods have attracted great at-
tention and gained great success in this field [26,49,50]. Li
et al. [26] proposed an end-to-end deep architecture with
dense blocks and fusion layers to fuse infrared and visi-
ble images in one forward pass. DDcGAN [49] was pro-
posed with a special dual-discriminator design to generate
relatively realistic visible images of different resolutions.
U2Fusion [50] was proposed to automatically estimate the
importance of corresponding source images with adaptive
information preservation degrees.

Hyperspectral Image Datasets. Various hyperspectral
dataset has been proposed in order to analyze the charac-
teristics of different wavelengths. Arad et al. [2] proposed
an ICVL dataset that contains hyperspectral data of 201
different scenes. The dataset was taken in sufficient light
using a Specim PS Kappa DX4 hyperspectral camera and
a rotary stage for spatial scanning, and most of them are
captured outdoors. Monno et al. [32] proposed the Toky-
oTech dataset containing 59-band visible-NIR hyperspec-
tral images from 420 nm to 1000 nm at 10 nm intervals.
The images were captured using a monochrome camera and
two VariSpec tunable filters, VIS for 420 nm-650 nm and
SNIR for 650 nm-1000 nm, for capturing each hyperspec-
tral image. Liu et al. [24] built a complex imaging system
and contributed an IDH dataset containing hyperspectral
images from 420 nm to 1000 nm at 10 nm intervals. The
UI-3860CP grayscale camera together with the Kurios-XE2
tunable filter is used to record spectral images from 650 nm
to 1000 nm, while the 15S5C camera is used to record the
RGB image. In this paper, we contribute a new hyperspec-

(a) (b)

Figure 1. (a) Photopic, scotopic, and mesopic intensity functions.
(b) The spectra of 26 narrow band LEDs used in our experiments.

tral image dataset to supplement the existing HSI datasets
in terms of quality and quantity.

3. Method
In this section, we present our Visibility Constrained

Spectrum Design (VCSD) method. We first introduce the
human vision system in Sec.3.1 as the prerequisite of the
VCSD model, which will be described in Sec.3.2. After
that, we introduce the physic-based Imaging Process Simu-
lation (IPS) model in Sec.3.3. We then describe our Image
Restoration model in Sec.3.4. Finally, we sum up the train-
ing procedure in Sec. 3.5.

3.1. Human Vision System

The human eye is sensitive to wavelengths roughly be-
tween 400 nm and 700 nm. Wavelengths shorter than
400 nm or longer than 700 nm are almost invisible. For
wavelengths between 400 nm and 700 nm, human eyes be-
have differently in high or low light conditions. In rela-
tively high light conditions, the vision is mainly relevant
to the center of the retina whose maximum sensitivity is at
555 nm (in the green region). This type of vision is called
photopic vision. While in extremely low light conditions
for human eyes, which is our case, the vision is done by the
peripheral region of the retina whose maximum sensitivity
is at 507 nm (in the blue-green region). This type of vision
is called scotopic vision. At intermediate light levels, both
rods and cones are active, which is called mesopic vision.
As shown in Fig.1(a), given the photopic and scotopic lumi-
nosity functions as V (λ) and V ′(λ), the mesopic luminosity
function VM (λ) can be approximated as:

VM (λ) = (1− x)V ′(λ) + xV (λ), (1)

where x is determined by photopic illuminance and the
composition of light source [6, 8, 39, 48].

3.2. Visibility Constrained Spectrum Design

To consider different wavelengths, we propose to find an
optimal LED spectral multiplexing based on K LED bases
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of different wavelengths:

Φ(λ) =

K−1∑
k=0

σk · Φk(λ), (2)

where σ = [σ0, σ1, ..., σK−1], σk ∈ (0, 1) is the param-
eter that determine the weight of corresponding LED base
Φk(λ), and can be optimized during the training process.

To consider the human vision system, the key issue is to
find a way to quantify the visibility of certain LED spectral
curves. Given the scotopic intensity functions V ′(λ) and the
LED spectral curve Φ(λ), The perceived power Pm of light
by human naked eyes is proportional to the inner product of
V ′(λ) with Φ(λ) [48]:

Pm ∝
∫
V ′(λ)Φ(λ)dλ = Ψ. (3)

Since the relationship is proportional, not equal, it is hard
to get the real value of Pm given certain V ′(λ) and Φ(λ).
However, it is indeed possible to determine a threshold Ψ̂
through user studies, which represents ’just’ invisible to the
human eye.

Therefore, given the threshold Ψ̂ and a mutiplexed LED
spectrum Φ(λ) =

∑K−1
k=0 σk ·Φk(λ) that is visible to human

eyes (i.e.,
∫
V ′(λ)Φ(λ)dλ > Ψ̂), we calculate a scale factor

ξ ∈ (0, 1) so that when σ̂k = ξ · σk, (k = 0, 1, ...,K − 1),
Φ̂(λ) =

∑K−1
k=0 σ̂k ·Φk(λ) becomes just invisible to human

eyes, i.e., the perceived power of light by human scotopic
vision equals to Ψ̂: ∫

V ′(λ)Φ̂(λ)dλ = Ψ̂. (4)

∴ ξ =
Ψ̂∫

V ′(λ)Φ(λ)dλ
. (5)

⇒ σ̂k =
Ψ̂∫

V ′(λ)Φ(λ)dλ+ ϵ
· σk, k = 0, ...,K − 1,

(6)

where ϵ is a small constant to avoid numerical issues.
Therefore, given an LED spectrum Φ(λ) that is visible to
human eyes, we scale it by ξ calculated from Eq.6 to make it
just invisible to human naked eyes. Note that for LED spec-
trum that is already ‘invisible’ to human naked eyes (i.e.,∫
V ′(λ)Φ(λ)dλ < Ψ̂), we just let ξ = 1 since there is no

need to adjust the spectral curve intensity of these LEDs.

3.3. Imaging Process Simulation Model

In computational photography, the formation of images
depends on three factors: the reflectance spectrum T , the
illumination spectrum Φ, and the camera spectral sensitivity
C. Given these three factors, the process of acquiring light

intensity for each pixel can be formulated as:

Ic,i,j =
∫
Ti,j(λ) · Φ(λ) · Cc(λ) dλ, (7)

where c ∈ {R,G,B} represents the color channel. i ∈
{1, 2, ...,W}, j ∈ {1, 2, ...,H}, W and H is the width and
height of the image. Ic,i,j denotes the RGB intensity in
channel c at position (i, j). Ti,j(λ) is the reflectance spec-
trum in position (i, j). Φ(λ) is the LED spectrum. Cc(λ) is
the camera spectral sensitivity in channel c. The image can
be obtained according to Ic,i,j in each position.

Based on this physical process, we design an Imaging
Process Simulation (IPS) model to generate assistance im-
ages. The IPS module takes assistance spectral curve Φ ∈
RL, camera spectral sensitivity C ∈ R3×L, and reflectance
spectrogram T ∈ RL×W×H as inputs, and outputs the syn-
thesized assistance images I ∈ R3×W×H . We set the range
of camera spectral sensitivity to 420 nm-890 nm, with a
10 nm interval, so the process can be formulated as:

Ic,i,j =
47∑

n=0

Ti,j(n) · Φ(n) · Cc(n), (8)

where n = 0, 1, ..., 47 represents 48 different wavelengths
covered by the camera spectral sensitivity. Note that this
process is fully differentiable under Equ.8, allowing us to
optimize the parameter σ that determines the weight of each
LED base.
Noise Simulation. In low-light environments, assistance
images are usually free of obvious noise interference due to
enough illumination provided by the LEDs, but noise still
exists under these conditions. Also, according to our Visi-
bility Model, the intensity of LED may become very small
in order to become invisible to the human naked eyes, which
makes the assistance images suffer from obvious noise in-
terference. Since Equ. 8 can’t model the real camera noise
widely existing during the image formulation, we addition-
ally introduce a noise model to consider the noise effects for
assistance images.

Poisson Distribution has been widely considered to
model the noise distribution [9, 46, 53]. Here we choose
to combine Poisson Distribution with noise sampling from
a real camera sensor to realize our noise model:

Î = κ · P(I · ξ
κ

) +N , (9)

where κ is the gain of the target camera, ξ is the scale-
down factor calculated in the Visibility Constrained Spec-
trum Model, and N is the real noise pattern sampled from
the target camera.

3.4. Image Restoration Model

Network Architecture. Our fusion network takes a VIS
image Îvis and an NIR-VIS image Înir as input and gener-
ates the result X . We choose the same UNet [35] structure
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Algorithm 1 Training

Input: Visibility Threshold Ψ̂, LED bases [Φk]K−1
k=0 ,

Camera gain κ, Camera Spectral Sensitivity C, Hyper-
spectral Dataset Dtr, and hyperparameters σ,θ.
Output: Optimal wide-band spectral curve.
1: Initialize σ ← σt = [σ0

t , σ
1
t , ..., σ

K−1
t ].

2: while not converged do
3: Randomly sample Tt, Yt, N vis

t , Nnir
t from Dtr.

4: Φt(λ)←
∑K−1

k=0 σk
t · Φk(λ)

5: T vis
t ← T 420:700nm

t , Φvis
t ← Φ420:700nm

t

6: ξt ← min( Ψ̂∫
V ′(λ)Φt(λ)dλ+ϵ

, 1)

7: for k ← 0 to K − 1 do
8: if

∫
V ′(λ)Φk(λ)dλ > 0 then

9: σ̂k
t ← ξt · σk

t

10: else
11: σ̂k

t ← σk
t

12: end if
13: end for
14: Φ̂t(λ) =

∑K−1
k=0 σ̂k

t · Φk(λ)

15: Φ̂vis
t ← Φ̂420:700nm

t

16: ξvist ←
∫
Φ̂vis

t (λ)dλ∫
Φvis

t (λ)dλ+ϵ
, ξnirt ←

∫
Φ̂t(λ)dλ∫

Φt(λ)dλ+ϵ

17: Ivisc,i,j,t ←
∫
T vis
i,j,t(λ) · Φ̂vis

t (λ) · Cc(λ)dλ
18: Inirc,i,j,t ←

∫
Ti,j,t(λ) · Φ̂t(λ) · Cc(λ)dλ

19: Îvist ← κ · P(I
vis
t ·ξvis

t

κ ) +N vis
t

20: Înirt ← κ · P(I
nir
t ·ξnir

t

κ ) +Nnir
t

21: Xt ← G(Îvist , Înirt ;θ)
22: Take gradient descent step on
23: ∇θ,σL(Xt,Yt)
24: end while
25: return Optimized spectral curve σ∗

as [24] during the curve design process, except for the num-
ber of input channels, which is 3 in [24], and 6 in our work.
Loss Function. The perceptual loss [20] has been widely
used in image reconstruction tasks due to its ability to re-
cover details and preclude over-smooth results compared to
pixel-wise losses:

L =

I∑
i=1

∥ψi(X )− ψi(Y)∥1 , (10)

where X is the output of G, and Y is the corresponding
ground truth. ψi denotes the activation map at the i-th
layer of the pre-trained VGG-19 network [36]. Particularly,
we chose 5 layers including relu1−1, relu2−1, relu3−1,
relu4−1, and relu5−1 from the VGG-19 network.

3.5. Training Procedure

Algorithm 1 displays the complete training procedure.
We first initialize the parameter σ that determines the

(a) (b)

Figure 2. (a) The transmittance curves of 50 band pass filters. (b)
Camera system to capture the dataset.

Table 1. Comparison between different Hyperspectral Datasets.

Datasets ICVL TokyoTech IDH Ours

Resolution 1392×1300 512×512 256×256 1936 × 1096
Scenes 201 16 112 74
Range/nm 400-1000 420-1000 650-1000 400-890
Interval/nm 1.25 10 10 10

weight of each LED base, which will be optimized by the
gradient. In each iteration, scale factor ξt is first calcu-
lated and used to make the designed spectrum Φt invisible.
Note that since there exist several NIR LED bases whose
spectrum curves have no intersection with scotopic intensity
functions (i.e.,

∫
V ′(λ)Φk(λ)dλ = 0), we may not want to

scale down the corresponding coefficient σk
t since it pro-

vides no improvements for visibility but causes information
loss. As a result, we choose to only scale down the co-
efficients of LED bases whose spectrum have intersections
with scotopic intensity functions, and obtain the new curve
Φ̂t(λ) that also fulfills the visibility limitations:

ξt = min(
Ψ̂∫

V ′(λ)Φt(λ)dλ+ ϵ
, 1) (11)

σ̂k
t =


ξt · σk

t ,

∫
V ′(λ)Φk(λ)dλ > 0

σk
t ,

∫
V ′(λ)Φk(λ)dλ = 0

(12)

Φ̂t(λ) =

K−1∑
k=0

σ̂k
t · Φk(λ). (13)

We then calculate the scale-down factor for VIS images
and NIR images as:

ξvist =

∫
Φ̂vis

t (λ)dλ∫
Φvis

t (λ)dλ+ ϵ
, ξnirt =

∫
Φ̂t(λ)dλ∫

Φt(λ)dλ+ ϵ
, (14)

where Φvis
t and Φ̂vis

t are the 420 nm-700 nm part of Φt and
Φ̂t, respectively. Based on Φ̂t(λ), input image Înirt and
Îvist are simulated via the physic-based IPS module which
considers noise effects related to ξvist and ξnirt . After that,
the output Xt is obtained through our image enhancement
network G which takes auxiliary images Înirt and Îvist as
input. Finally, gradient descent steps are taken based on the
loss function L.
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Figure 3. Data samples from our proposed dataset. The images are synthesized using the spectrum of white-light LED.

3.6. Implementation Details

We implement the training part of our model with Py-
torch [34]. During the spectrum optimization process, we
set the batch size to 16 and the learning rate to 1e-3. The
total training iteration is 50,000, and the learning rate is
multiplied by 0.1 every 20,000 iterations. We use Adam
optimizer [21] with β1 = 0.5, β2 = 0.999, and randomly
crop the input images to 256×256. We set the number K of
LEDs to 26, covering the wide-band VIS-NIR range from
420 nm to 890 nm. The spectrum of these LED bases is
shown in Fig. 1(b). We use the camera GS3-U3-15S5C for
both image synthesis and real image capture. We choose a
normalized 660 nm LED spectrum to obtain the visibility
threshold Ψ̂ = 10 for our main experiment, following the
claim in [48]. We also further discuss the effect of different
visibility thresholds on our model in the experiment part.

After obtaining the optimal spectrum, we train an im-
age restoration network using synthesized input images. To
train the restoration network on our proposed dataset, we
set the batch size to 16 and the learning rate to 1e-4. The
total training iteration is 10,000 iterations. We use Adam
optimizer [21] with β1 = 0.5, β2 = 0.999, and randomly
crop the input images to 256×256. To train the restoration
model on TokyoTech [32] dataset, we set the batch size to 8
and keep the rest of the settings the same as training on our
dataset.

4. Experiments

4.1. Settings

Datasets. To train our model, we need datasets that con-
tain hyperspectral images of multiple scenes that cover from
VIS range to NIR range. Up to now, some hyperspectral
datasets have been proposed, including ICVL [2], Toky-
oTech [32], and IDH [24]. ICVL contains hyperspectral
data of 201 scenes, with a spatial resolution of 1392 ×
1300 and 519 spectral bands (400 nm to 1000 nm at roughly
1.25 nm increments). TokyoTech contains 59-band hyper-
spectral images from 420 nm to 1000 nm at 10 nm inter-
vals. The image resolution is 512× 512, and only 16 scenes
are publicly available. IDH dataset contains a total of 112

hyperspectral images from 650 nm to 1000 nm at 10 nm in-
tervals, and the spatial resolution is only 256 × 256. In
this paper, we contribute a new hyperspectral image dataset
to supplement existing HSI datasets in terms of quality and
quantity. The wavelength covers from 400 nm to 890 nm
with 10 nm intervals. There are 74 scenes in the dataset,
with a resolution of 1936× 1096. The ground truth VIS im-
age is synthesized via the white-light LED spectral curve. A
comparison between different hyperspectral image datasets
is shown in Tab. 1.

We test the effect of our designed spectrum on two
datasets: our proposed dataset and the TokyoTech dataset.
To test the result, we first obtain the two auxiliary images
according to the designed curve, then train an image en-
hancement network on the training set. We then test the
effect of this network on the test set. The synthetic dataset
comes from our collected hyperspectral dataset. Two aux-
iliary images and the corresponding ground truth are ob-
tained through the physic-based imaging process described
in Equ. 8. The experimental results will be introduced in
Sec. 4.2.
Methods. Based on existing popular solutions for low-light
imaging, we conduct experiments on three different settings
of our method: 1) *VIS+*NIR: Optimal spectrum design
for both VIS and NIR (our main method), 2) *VIS+850 nm:
Optimal spectrum design for VIS + fixed 850 nm Auxiliary
Illumination (based on [18]), and 3) *VIS+660 nm: Opti-
mal spectrum design for VIS + fixed 660 nm Auxiliary Il-
lumination (based on [48]). All the VIS images are syn-
thesized based on the 420 nm-700 nm spectrum. We then
compare these three settings with [24], which achieve supe-
rior results than traditional RGB-independent methods by
retrieving the optimal NIR spectrum whose wavelength is
larger than 700 nm.

4.2. Main Results

In this section, we test different methods on syn-
thetic datasets including our proposed dataset and Toky-
oTech [32]. Quantitative results on our dataset and the
TokyoTech dataset are reported in Tab. 2. During the evalu-
ation process, SSIM (Structural Similarity), Peak Signal-to-
Noise Ratio (PSNR), and Learned Perceptual Image Patch
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OptNIR [24] *VIS+850 nm *VIS+660 nm *VIS+*NIR GT

Figure 4. Qualitative results on our dataset (above dash) and the TokyoTech dataset [32] (below dash). Please zoom in for a clear view.

Table 2. Quantitative results on different synthetic datasets. The
best results are in red whereas the second best are in blue.

Datasets Methods SSIM ↑ PSNR ↑ LPIPS ↓
OptNIR [24] 0.7688 22.67 0.1590
*VIS+850 nm 0.8305 24.07 0.1276
*VIS+660 nm 0.8316 23.72 0.1232Ours

*VIS+*NIR 0.8383 24.12 0.1129

OptNIR [24] 0.7197 19.65 0.1841
*VIS+850 nm 0.7902 21.78 0.1365
*VIS+660 nm 0.7628 21.45 0.1383TokyoTech

*VIS+*NIR 0.7938 22.08 0.1378

Similarity (LPIPS) are utilized to quantify the difference
between restored images and ground truth. Visual results
on our dataset and the TokyoTech dataset are shown in
Fig. 4. We can see that three different settings of our method
all perform significantly better than [24] in three metrics.
Instead of empirically picking up the NIR range beyond
700 nm, we find the theoretically optimal curve under the
visibility constraint Ψ̂ by incorporating the human vision
intensity function into the optimization process. As a re-
sult, we significantly robustify the task and achieve superior
results on two datasets. Furthermore, if we use the com-
bination of optimal VIS + empirically fixed NIR spectrum
(e.g., 660 nm, 850 nm), the results may get worse since
these combinations are not optimal under the visibility con-
straint, which also proves the effectiveness of our visibility
constrained spectrum design model.

Designed Curve. The red line in Fig. 5 shows the optimal
curve for Ψ̂=10 desinged by our model. To further demon-
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(a)
OptNIR Ours GT

(b)Figure 5. Realization for our designed LED spectrum.

strate the practicality of our model, we implemented the de-
signed spectrum under Ψ̂=10 by properly multiplexing dif-
ferent LED bases. As shown in Fig. 5, we approximately
fit the designed curve by controlling the voltage of six LED
bases, demonstrating the practicality of our designed curve.

4.3. Impact of Visibility Threshold

As has been introduced in Sec. 3.2, our model accepts a
visibility upper-bound threshold Ψ̂ during the spectrum op-
timization process. This threshold can be changed accord-
ing to the desired level of visibility and largely affects the
final results, without destroying the validity of our method.
In this section, we further discuss the impact of this visi-
bility threshold on our model. Specifically, we set differ-
ent values for the visibility threshold Ψ̂, designing the opti-
mal spectrum under each value, and compare their restora-
tion results. The visual and numerical results are reported
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Figure 6. Qualitative results for the impact of different visibility thresholds. (a) Visual results on our proposed dataset, (b) designed curve
under the corresponding threshold Ψ̂ (For GT, we show the curve of white-light LED, which is used to obtain GT RGB images).

Table 3. Quantitative results on different values for visibility
threshold Ψ̂. The best results are in red whereas the second best
are in blue.

Datasets Ψ̂ SSIM ↑ PSNR ↑ LPIPS ↓

Ours
10 0.8383 24.12 0.1129
250 0.8779 25.64 0.0919
500 0.9326 29.07 0.0351

TokyoTech
10 0.7938 22.08 0.1378
250 0.8495 23.77 0.0920
500 0.9375 31.85 0.0355

in Fig. 6 and Tab. 3. We can see that as the value of Ψ̂
grows, the restoration results of our model become better
since more VIS information is covered. The results also
imply that we can trade visibility friendliness for restora-
tion performance by setting different value for Ψ̂, making
our model applicable to a wider range of application sce-
narios.

Shape of the optimal curves. As shown in Fig. 5, the
scotopic visibility function roughly covers 400 nm-600 nm,
with a peak value of 1700. High visibility wavelengths have
a higher ‘cost’ per intensity than wavelengths with lower
visibility. As a result, the model chooses to approach from
‘sides’ with low visibility to the ‘center’ (500 nm) of the
visibility curve during the design process. From Fig. 6, we
can see that the model still tends not to use around 500 nm
even when Ψ̂=500 since the ‘cost’ is too high. An intuitive
thought is that the designed curve should distribute low in-
tensities that fulfill the visibility constraint to a wide VIS
range to provide information of different wavelengths. This
is, however, not always feasible because of the noise inter-
ference, especially under strict visibility constraints (e.g.,
Ψ̂=10). Specifically, when the intensity of light becomes

very low to cover the high visibility range, the structures
and colors may suffer from severe degradation due to low
signal-to-noise ratio. This makes the model prefer wave-
lengths that can achieve relatively high intensity under strict
visibility constraints, instead of distributing low intensities
to a wide VIS range.

5. Conclusion
In this paper, we proposed a visibility-constrained wide-

band illumination spectrum design (VCSD) model for
Seeing-in-the-Dark. Our key insight is to incorporate the
quantified visibility constraint implied by the human vision
system into the optimization process. By modeling the im-
age formation process in the VIS-NIR range, the optimal
multiplexing of a wide range of LEDs is designed in a fully
automatic manner, while fulfilling the visibility constraint.
We also collected a substantially expanded VIS-NIR hy-
perspectral image dataset for experiments by using a cus-
tomized 50-band filter wheel. Experimental results show
that the task can be significantly improved by using the op-
timized wide-band illumination than using NIR only. Fur-
ther analysis also proved the generality and flexibility of our
model to deal with different visibility thresholds.

Although narrow band LEDs are cost effective, they
might not be the most appropriate choice when the purpose
is to recover high-fidelity visible color, due to the scale-
down operation implied by the visibility constraint. Our
future work is to allow more flexible illumination design by
using wide band fluorescent dyes or customizing thin-film
interference filters.
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