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Abstract

The cross-sensor gap is one of the challenges that

have aroused much research interests in Heterogeneous

Face Recognition (HFR). Although recent methods have at-

tempted to fill the gap with deep generative networks, most

of them suffer from the inevitable misalignment between

different face modalities. Instead of imaging sensors, the

misalignment primarily results from facial geometric vari-

ations that are independent of the spectrum. Rather than

building a monolithic but complex structure, this paper pro-

poses a Pose Aligned Cross-spectral Hallucination (PACH)

approach to disentangle the independent factors and deal

with them in individual stages. In the first stage, an Un-

supervised Face Alignment (UFA) module is designed to

align the facial shapes of the near-infrared (NIR) images

with those of the visible (VIS) images in a generative way,

where UV maps are effectively utilized as the shape guid-

ance. Thus the task of the second stage becomes spectrum

translation with aligned paired data. We develop a Texture

Prior Synthesis (TPS) module to achieve complexion con-

trol and consequently generate more realistic VIS images

than existing methods. Experiments on three challenging

NIR-VIS datasets verify the effectiveness of our approach in

producing visually appealing images and achieving state-

of-the-art performance in HFR.

1. Introduction

In real world systems, there are multiple imaging sen-

sors in cameras. For example, near infrared (NIR) sensors

work well in low lighting conditions and are widely used

in night-vision devices and surveillance cameras. Never-

theless, visible (VIS) images are much easier to capture,

leading them to the most common type. Different sensors

result in face appearance variations, which imposes a great

challenge to precisely match face images in different light
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Figure 1. Synthesis results (the 2nd row, 256× 256 resolution) of

PACH. There are distinct facial shape deviations between the NIR

images (the 1st row) and the VIS images (the 3rd row). PACH dis-

entangles the independent factors in cross-spectral hallucination

and produces realistic VIS images from NIR inputs.

spectra. Face recognition with NIR images is an important

task in computer vision [22]. However, in most face recog-

nition scenarios, the only available faces are VIS images.

There lack large-scale datasets with NIR faces for effec-

tive model learning, compared with the VIS face datasets.

Therefore, it is significant to effectively utilize both NIR

and VIS images to boost HFR. In past decades, many ef-

forts have been paid to HFR. These methods can be classi-

fied into three categories [30]. The first category contrives

to learn domain-invariant features of faces in different do-

mains [20]. The second category projects NIR and VIS im-

ages into a common subspace [31]. Face synthesis (or hallu-

cination) has raised as another popular trend [26], especially

in recent years. It usually translates NIR images to the VIS

ones while keeping the identity of faces, and then evalu-

ates recognition models on the synthesized VIS images to

reduce the domain gap.

However, there are still challenges regarding the image

synthesis based methods. A major challenge comes from

the misalignment. The paired NIR and VIS images (com-

7930



Figure 2. The schematic diagram of PACH. There are two stages in our method, each having an individual duty. The first stage (Unsuper-

vised Face Alignment, UFA) learns to align the facial shape of IN to that of the paired IV with the guidance of the UV map. The second

stage (Texture Prior Synthesis, TPS) transfers the aligned I
′′

N to a VIS one based on a texture prior T .

ing from the same identity) in the training set are not ex-

actly aligned. The reason is that the NIR and the VIS im-

ages are usually captured in different scenarios, involving

imaging distances or environments. We exhibit some sam-

ple NIR-VIS pairs in Figure 1, along with our synthesized

VIS results. Nevertheless, most existing image synthesis

methods require aligned paired data to train a decent model.

When confronting unaligned data (which is the more com-

mon case in reality), they tend to produce unsatisfying re-

sults. In addition, the image resolution of the synthesized

images is usually no more than 128 × 128. Although [32]

proposes to tackle the misalignment issue by learning at-

tention from warped images to guide generation, their re-

sults share a similar complexion, which violates variations

in reality and lacks realistic textures. Moreover, their net-

work is quite complex as well as with complicated data pre-

processing.

In this paper, we propose a simple yet effective solution

against the misalignment problem in cross-spectral face hal-

lucination, namely Pose Aligned Cross-spectral Hallucina-

tion (PACH). The schematic diagram is presented in Fig-

ure 2. During the hallucination, procedures containing face

alignment and spectrum translation are independent from

each other. Instead of dealing with the blended factors to-

gether, PACH disentangles them and settles each in an indi-

vidual stage. In the first stage, we design an Unsupervised

Face Alignment (UFA) module to adjust the facial shape of

the input NIR image. UFA is trained following an unsuper-

vised principle of reconstructing the input image. Inspired

by [12], UFA could naturally separate the identity and the

facial shape of an NIR image. In the second stage, UFA has

been trained well and stays unchanged. The UV map of the

input NIR image is replaced with that of the paired VIS im-

age. By this means, UFA synthesizes a new NIR image that

is aligned with the paired VIS one. The aligned paired data

produced by UFA simplifies the task of cross-spectral hal-

lucination. To tackle the facial texture problem, we develop

a Texture Prior Synthesis (TPS) module that is able to con-

trol complexions and produce realistic results. We train our

model on the CASIA NIR-VIS 2.0 dataset [19], and eval-

uate it on three datasets, including CASIA NIR-VIS 2.0,

Oulu-CASIA NIR-VIS [1], and BUAA-VisNir [9]. Exten-

sive experimental results show that our method generates

high-quality images as well as promotes HFR performance.

In summary, our main contributions are as followings:

1. This paper proposes a novel solution to deal with

data misalignment in cross-spectral face hallucina-

tion, namely Pose Aligned Cross-spectral Hallucina-

tion (PACH). Since the facial shape and the spectrum

are two independent factors, we suggest to disentan-

gle the factors and settle them separately in different

stages with relatively simpler networks.

2. There are two stages in PACH, each focusing on a cer-

tain factor. In the first stage, we introduce an Unsu-

pervised Face Alignment (UFA) module to adjust fa-

cial shape according to the guidance of the UV map,

and thus produce aligned paired NIR-VIS data. The

second stage contains a Texture Prior Synthesis (TPS)

module that achieves complexion control and produces

realistic VIS images for HFR.

3. Extensive experiments on the CASIA NIR-VIS 2.0,

the Oulu-CASIA NIR-VIS, and the BUAA-VisNir

datasets show that our method achieves state-of-the-

art performance in both visualization and recognition.

The cross-dataset experiments demonstrate the gener-

alization ability of our method.

2. Related Work

Heterogeneous Face Recognition (HFR) has been widely

studied in recent years. Existing methods could be classi-
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fied into three categories: domain-invariant feature repre-

sentation, common subspace learning, and image synthesis.

Feature representation methods try to learn face fea-

tures that are robust and invariant in NIR and VIS domains.

Traditional methods are based on hand-crafted local fea-

tures. [20] applies Difference-of-Gaussian (DoG) filtering

and Multi-scale Block Local Binary Patterns (MB-LBP) to

get the feature representation. [3] uses Local Radon Binary

Pattern (LRBP) as the feature that is robust in two different

modalities to tackle the task of Sketch-VIS recognition. [4]

encodes face images into a common encoding model, and

uses a discriminant matching method to match images in

different domains.

Subspace learning methods learn to project the NIR and

the VIS images into a common subspace. The projections

of the same subject from two domains are similar in the sub-

space. [31] applies Canonical Correlation Analysis (CCA)

learning in the Linear Discriminant Analysis (LDA) sub-

space. [25] uses Partial Least Squares (PLS) to map hetero-

geneous faces from different modalities into a common sub-

space. [11] proposes regularized discriminative spectral re-

gression to match heterogeneous face images in a subspace.

[16] uses a Multi-view Discriminant Analysis (MvDA) ap-

proach to learn a discriminant common subspace.

Image synthesis methods aim to reduce the domain gap

by a synthesis manner, e.g., translating NIR images to the

VIS ones. [27] uses the image synthesis method to tackle

the sketch-photo recognition problem. [15] learns a map-

ping function between the NIR and the VIS domains with a

dictionary based approach. In recent years, with the rise of

deep learning, there are lots of works applying deep learn-

ing in the image synthesis process. [18] uses a convolu-

tional neural network to synthesize VIS images from NIR

images in patches, and then applies a low-rank embedding

to further improve the results. Generative Adversarial Net-

work (GAN) [5] is also widely used in this field. [26] pro-

poses to use a Cycle-GAN [34] based framework for the

face hallucination. [2] proposes a dual generation method

that generates massive paired NIR-VIS images from noise

to reduce the domain gap of HFR.

3. Method

The goal of our method is to translate an NIR image

to the VIS one, which is expected to facilitate the perfor-

mance of HFR. However, on the one hand, the paired NIR

and VIS images in the heterogeneous face datasets, such as

CASIA NIR-VIS 2.0, are unaligned. There are inevitable

differences in the facial shapes between paired NIR and VIS

images, as shown in Figure 3. The misalignment of facial

shapes makes it hard to synthesize satisfactory VIS images

from the paired NIR ones. On the other hand, the diverse

complexions of the VIS images lead the NIR-VIS transla-

tion to be a ‘one to many’ problem, i.e., one NIR complex-
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Figure 3. Examples of face alignment on the CASIA NIR-VIS 2.0

dataset. There are large differences in the facial shapes between

the paired NIR (the 1st row) and VIS (the 3rd row) images. The

aligned NIR (the 2nd row) images have the same facial shapes as

the VIS ones.

ion to multiple VIS complexions, bringing challenges to

photo-realistic face synthesis. In order to tackle the above

problems, we explicitly divide the cross spectral face hallu-

cination into two independent stages: an Unsupervised Face

Alignment (UFA) stage and a Texture Prior Synthesis (TPS)

stage. The first stage is proposed to align the facial shapes

of the NIR images with those of the paired VIS ones, as

presented in Figure 3. After that, we can obtain the aligned

paired NIR and VIS images for pixel-wise supervised train-

ing. The second stage adopts a texture prior to facilitate the

realistic image synthesis. In the following subsections, the

details of the above two stages are described respectively.

3.1. Unsupervised Face Alignment (UFA)

Inspired by the recently proposed works [12, 17, 21, 33]

that employ Adaptive Instance Normalization (AdaIN) [10]

to control image styles, we propose an unsupervised face

alignment method with AdaIN to disentangle facial shapes

and identities. The AdaIN is defined as:

AdaIN(z, γ, β) = γ

(

z − u(z)

σ(z)

)

+ β. (1)

In the previous method [12], z means the feature of ‘con-

tent’ images. u(z) and σ(z) denote the channel-wise mean

and standard deviation of z, respectively. γ and β are the

affine parameters learned by a network. The image ‘style’

can be switched by changing γ and β. In our method, we

replace the ‘content’ with the facial shape, and the ‘style’

with the identity.

As shown in Figure 2, the generator in UFA consists of

a shape encoder Encs, an identity encoder Enci, several
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AdaIN residual blocks AdaRes, and a decoder Dec. Enci
is used to extract the identity features, which are irrelevant

with the facial shape, of the input NIR image IN . The affine

parameters γ and β in Eq. (1) are obtained by Enci(IN ).
Encs is a facial shape extractor. The input of Encs is the

UV map MN of IN . The facial shape of IN , such as the

pose and the expression, can be presented well by MN , as

shown in Figure 2. AdaRes, which denotes residual blocks

with AdaIN, is used to disentangle the identity features

Enci(IN ) and the shape features Encs(MN ). Dec decodes

the disentangled features AdaRes(Enci(IN ), Encs(MN ))
to the image space, outputting the NIR image I

′

N . The loss

functions of this stage are introduced as below.

3.1.1 Reconstruction Loss.

We adopt an unsupervised manner to train the generator,

which is reflected in the fact that we only reconstruct the in-

put image without any other supervision. The output image

I
′

N = Dec(AdaRes(Enci(IN ), Encs(MN ))) is required

to keep consistent with the input image IN , which is imple-

mented by a pixel-wise L1 loss:

Lrec = E
I
′

N
,IN

[||I
′

N − IN ||1]. (2)

3.1.2 Identity Preserving Loss.

Inspired by [8], the reconstructed NIR image I
′

N should be

consistent with the ground truth IN not only at the image

space, but also at the latent semantic feature space. Specif-

ically, an identity preserving network Dip, which is the

LightCNN [29] pre-trained on the MS-Celeb-1M dataset

[6], is introduced to extract the identity features of I
′

N and

IN , respectively. A L2 loss is imposed to constrain the fea-

ture distance between Dip(I
′

N ) and Dip(IN ):

Lip = E
I
′

N
,IN

[||Dip(I
′

N )−Dip(IN )||2]. (3)

3.1.3 Adversarial Loss.

In order to improve the visual quality of the reconstructed

NIR image I
′

N , we adopt a discriminator D to perform ad-

versarial learning [5] with the generator, including Enci,
Encc, AdaRes, and Dec:

Ladv = EIN [logD(IN )] + E
I
′

N

[log(1−D(I
′

N ))]. (4)

3.1.4 Overall Loss.

The overall loss in the first stage is the weighted sum of the

above reconstruction loss Lrec, identity preserving loss Lip,

and adversarial loss Ladv:

LUFA = Lrec + λ1Lip + λ2Ladv. (5)

where λ1 and λ2 are trade-off parameters. The generator,

which contains Enci, Encs, AdaRes and Dec, and the

discriminator D are trained alternatively to play a min-max

game [5].

3.2. Texture Prior Synthesis (TPS)

After the training of UFA, we align the facial shape of the

input NIR image IN with that of the target VIS image IV ,

by changing the UV map. That is, replacing the UV map

MN of IN with the UV map MV of IV . By this means,

we obtain the aligned paired NIR-VIS training images I
′′

N =

Dec(AdaRes(Enci(IN ), Encs(MV ))) and IV . The cor-

responding process is presented in Figure 2. The examples

of the aligned paired NIR and VIS images are shown in Fig-

ure 3.

By now we have aligned paired training data I
′′

N and IV ,

but meet the other intractable challenge. The complexions

of NIR images in the CASIA NIR-VIS 2.0 dataset are uni-

fied, while those of VIS images are diverse. The diverse

complexions lead cross-spectral hallucination to a ‘one to

many’ problem, which brings challenges to the traditional

image to image translation methods [13, 34] that are usu-

ally applicable to ‘one to one’ problems. As shown in Fig-

ure 4, the synthesized images of previous translation meth-

ods tend to have an average complexion that is somewhat

yellow. Obviously, the average complexion makes the syn-

thesized images unrealistic, which may further decrease the

recognition performance.

Different from previous image translation methods, we

introduce a texture prior to facilitate cross-spectral halluci-

nation. Specifically, a texture prior T , which indicates the

complexion information, is cropped from the target VIS im-

age IV . The texture prior is concatenated with the aligned

NIR image I
′′

N , and fed into the generator G. By this way,

T provides a specific guidance for the translation, turning it

into an easier ‘one to one’ task. The corresponding losses

in this stage are listed as follows.

3.2.1 Pixel Loss.

Benefitting from the aligned paired NIR-VIS images I
′′

N

and IV , we can train the translation network G by the means

of pixel-wise supervision. The pixel loss, which defines the

discrepancies between the synthesized I
′

V = G(I
′′

N , T ) and

the target IV , is formulated as:

Lpix = E
I
′′

N
,T,IV

[|G(I
′′

N , T )− IV |]. (6)

3.2.2 Total Variation Regularization.

In order to reduce the artifacts that are produced in the train-

ing process, a total variation regularization loss [14] is im-
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Figure 4. The visualization comparisons with other state-of-the-

art methods on the CASIA NIR-VIS 2.0 dataset. The results of the

compared methods are obtained from [32].

posed on the synthesized image:

Ltv =

C
∑

c=1

W,H
∑

w,h=1

|G(I
′′

N , T )w+1,h,c −G(I
′′

N , T )w,h,c|

+ |G(I
′′

N , T )w,h+1,c −G(I
′′

N , T )w,h,c|.
(7)

where W and H denote image width and image height, re-

spectively.

In addition, we also adopt an identity preserving loss and

an adversarial loss in this stage. The two losses have the

same form as Eq. (3) and Eq. (4) respectively, except for

replacing IN/I
′

N with IV /I
′

V .

3.2.3 Overall Loss.

The overall loss in the second stage is the weighted sum of

the above losses:

LTPS = Lpix + α1Ltv + α2Lip + α3Ladv. (8)

where α1, α2, and α3 are the trade-off parameters.

Method Rank-1 VR@FAR=1% VR@FAR=0.1%

LightCNN [29] 96.84 99.10 94.68

Pixel2Pixel [13] 22.13 39.22 14.45

CycleGAN [34] 87.23 93.92 79.41

PCFH [32] 98.50 99.58 97.32

PACH 99.00 99.61 98.51

Table 1. Comparisons with other state-of-the-art methods on the

1-fold of the CASIA NIR-VIS 2.0 dataset.

Method Rank-1 VR@FAR=1% VR@FAR=0.1%

VGG [24] 62.1 ± 1.88 71.0 ± 1.25 39.7 ± 2.85

TRIVET [23] 95.7 ± 0.52 98.1 ± 0.31 91.0 ± 1.26

LightCNN [29] 96.7 ± 0.23 98.5 ± 0.64 94.8 ± 0.43

IDR [7] 97.3 ± 0.43 98.9 ± 0.29 95.7 ± 0.73

ADFL [26] 98.2 ± 0.34 99.1 ± 0.15 97.2 ± 0.48

PCFH [32] 98.8 ± 0.26 99.6 ± 0.08 97.7 ± 0.26

PACH 98.9 ± 0.19 99.6 ± 0.10 98.3 ± 0.21

Table 2. Comparisons with other state-of-the-art methods on the

10-fold of the CASIA NIR-VIS 2.0 dataset.

4. Experiments

In this section, we evaluate our proposed approach

against state-of-the-art methods on three widely employed

NIR-VIS face datasets, including the CASIA NIR-VIS 2.0

[19], the Oulu-CASIA NIR-VIS [1], and the BUAA-VisNir

[9] datasets. We begin with introducing these three datasets

as well as the training and the testing protocols. Then, ex-

perimental details are described. Finally, qualitative and

quantitative experimental results are reported to demon-

strate the effectiveness of our approach.

4.1. Datasets and Protocols

The CASIA NIR-VIS 2.0 [19] is a challenging NIR-VIS

heterogeneous face dataset with largest number of images

from 725 subjects. The number of VIS images for each

subject ranges from 1 to 22, and the number of NIR im-

ages for each subject ranges from 5 to 50. Face images

in this dataset contain diverse variations, such as different

expressions, poses, backgrounds, and lighting conditions.

The paired NIR and VIS images of each subject are not

aligned, because of the differences in facial shapes. We fol-

low the protocol of [30] to split the training and the test-

ing set, containing a total of 10-fold experimental settings.

For each setting, 2, 500 VIS images and 6, 100 NIR images

from about 360 subjects are used as the training set. The

probe set consists of over 6, 000 NIR images from 358 sub-

jects. The gallery set contains 358 VIS images from the

same subjects. Note that, we also follow the generation pro-

tocol of [32]. That is, the qualitative and quantitative results

are all obtained from the first fold. The Rank-1 accuracy,

verification rate (VR)@ false accept rate (FAR) = 1%, and

VR@FAR = 0.1% are reported for comparisons.
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Method Rank-1 VR@FAR=1% VR@FAR=0.1%

KDSR [11] 66.9 56.1 31.9

TRIVET [23] 92.2 67.9 33.6

IDR [7] 94.3 73.4 46.2

ADFL [26] 95.5 83.0 60.7

LightCNN [29] 96.7 92.4 65.1

PCFH [32] 100 97.7 86.6

PACH 100 97.9 88.2

Table 3. Comparisons with other state-of-the-art methods on the

Oulu-CASIA NIR-VIS dataset.

Method Rank-1 VR@FAR=1% VR@FAR=0.1%

KDSR [11] 83.0 86.8 69.5

TRIVET [23] 93.9 93.0 80.9

IDR [7] 94.3 93.4 84.7

ADFL [26] 95.2 95.3 88.0

LightCNN [29] 96.5 95.4 86.7

PCFH [32] 98.4 97.9 92.4

PACH 98.6 98.0 93.5

Table 4. Comparisons with other state-of-the-art methods on the

BUAA-VisNir dataset.

The Oulu-CASIA NIR-VIS [1] is a popular heteroge-

neous face dataset that consists of 80 identities with 6 differ-

ent expressions. Among all the identities, 30 identities are

from CASIA and the remainder are from Oulu University.

Following the protocol of [30], 20 identities are selected as

the training set, and another 20 identities are selected as the

testing set. Each identity contains 48 NIR images and 48
VIS images. For the testing set, all the NIR images are used

as the probe and all the VIS images are used as the gallery.

Following [32], we train our model on the CASIA NIR-VIS

2.0 dataset and test it on the Oulu-CASIA NIR-VIS dataset.

The Rank-1 accuracy, VR@FAR = 1%, and, VR@FAR =

0.1% are reported.

The BUAA-VisNir [9] is a widely used heterogeneous

face recognition dataset. It has images from 150 subjects

with 9 NIR images and 9 VIS images per subject. A total of

50 subjects with 900 images are chosen as the training set,

and the remaining 100 subjects with 1800 images are the

testing set. According to [32], we train our model on the

first fold of the CASIA NIR-VIS 2.0 dataset, and test it on

the BUAA-VisNir dataset. The Rank-1 accuracy, VR@FAR

= 1% and VR@FAR = 0.1% are reported.

4.2. Experimental Details

All images in the heterogeneous face datasets are aligned

to 144 × 144 and center cropped to 128 × 128. Moreover,

we also align and crop 256 × 256 resolution images on the

CASIA NIR-VIS 2.0 dataset to explore high-resolution face

synthesis. In the first stage, we crop a 15×15 patch from the

facial cheek of the VIS image, and then resize it to 128×128
as the texture prior. The UV map is calculated based on
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Figure 5. The visualization results of cross-dataset experiments.

The model is trained on the CASIA NIR-VIS 2.0 dataset. (a) The

testing results on the Oulu-CASIA NIR-VIS dataset. (b) The test-

ing results on the BUAA-VisNir dataset. (c) The testing results on

the CUHK Face Sketch (CUFS) dataset [28].

[35]. Adam is used as the optimizer with a fixed learning

rate 2e-4. The batch size is set to 64. Both of the trade-off

parameters λ1 and λ2 in Eq. (5) are set to 1. The trade-off

parameters α1, α2, and α3 in Eq. (8) are set to 1e-4, 1, and

1, respectively. The network architectures in UFA are based

on [12], and those of the generator and the discriminator

in TPS are based on [8]. Refer to Figure 2, the input and

output of the networks are modified correspondingly.

4.3. Comparisons

4.3.1 Results on the CASIA NIR-VIS 2.0 dataset.

We compare the qualitative results of our method with those

of other GAN-based methods, including Pixel2Pixel [13],

CycleGAN [34], ADFL [26], and PCFH [32], on the 1-

fold of the CASIA NIR-VIS 2.0 dataset. Among them,

Pixel2Pixel and CycleGAN are well-known supervised and

unsupervised image-to-image translation methods, respec-

tively. ADFL and PCFH are two state-of-the-art cross-

spectral hallucination approaches. The visual comparisons

are presented in Figure 4. All results of the compared meth-
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Figure 6. The results of changing texture priors. The top left is

the input NIR image. The rest VIS images are synthesized under

different texture priors. For each synthesized VIS image, the lower

right corner is the corresponding texture prior.

ods are obtained from [32].

For Pixel2Pixel and CycleGAN, there are distinct arti-

facts in the synthesized results. In addition, the facial shapes

of the generated VIS images are not completely consistent

with those of the input NIR images. For example, the mouth

shape of the second synthesized VIS image of CycleGAN is

different from that of the input NIR image. The facial size

of the third synthesized VIS image of Pixel2Pixel is smaller

than that of the input NIR image. These phenomena may be

caused by the unaligned paired training data.

ADFL is mainly based on CycleGAN, resulting in the

similar visual problems as CycleGAN. PCFH proposes a

complex attention warping to alleviate the unaligned prob-

lem, and thus gets better results than Pixel2Pixel, Cycle-

GAN, and ADFL. However, there is still a huge gap be-

tween the synthesized images and the real ones, which is

mainly reflected in the complexion. The yellow complexion

makes the results unrealistic. It is obvious that our method

outperforms all other methods. The synthesized VIS im-

ages not only maintain the facial shapes of the input NIR

images, but also have more realistic textures. We owe the

consistency of facial shapes to the proposed face alignment

in the first stage, and the realistic textures to the introduced

texture prior in the second stage.

In Table 1, we report the results of the quantitative

comparison with Pixel2Piexl, CycleGAN, PCFH, and the

baseline LightCNN on the 1-fold of the CASIA NIR-VIS

2.0 dataset. We can see that our method performs bet-

ter than the baseline LightCNN that evaluates on the orig-

inal NIR images. The Rank-1 accuracy, VR@FAR=1%,

and VR@FAR=0.1% are improved by 2.16%, 0.51%, and

3.83%, respectively. The significant improvements over

baseline prove that our method can really boost the recog-

nition performance, by the way of translating NIR images

to VIS ones. On the contrary, compared with the baseline

LightCNN, other GAN-based methods, i.e., Pixel2Pixel and

CycleGAN, result in worse recognition performance. The

Method Rank-1 VR@FAR=1% VR@FAR=0.1%

w/o UFA 35.76 43.53 21.36

w/o TPS 86.56 90.64 81.67

PACH 99.00 99.61 98.51

Table 5. Quantitative results of ablation study on the 1-fold of the

CASIA NIR-VIS 2.0 dataset.

degradation may be caused by the poor quality of the syn-

thesized images, as shown in Figure 4.

Furthermore, we also conduct experiments on more folds

of the CASIA NIR-VIS 2.0 dataset, the results are tabulated

in Table 2. Besides LightCNN, the compared methods con-

tain VGG [24], TRIVET [23], IDR [7], ADFL [26], and

PCFH [32]. Our method gets the best results on all recogni-

tion indicators. In particular, VR@FAR=0.1% is improved

from the state-of-the-art 97.7% [32] to 98.3%.

4.3.2 Results on the Oulu-CASIA NIR-VIS dataset.

As stated in Section 4.1, our model is trained on the 1-fold

of the CAISA NIR-VIS 2.0 dataset, and tested on the Oulu-

CASIA NIR-VIS dataset. The qualitative cross-dataset ex-

perimental results are shown in Figure 5 (a). The input NIR

images are randomly selected from Oulu-CASIA NIR-VIS.

We can observe our method still performs well in such a

challenging cross-dataset case.

The results of the quantitative comparison with KDSR

[11], TRIVET, IDR, ADFL, LighCNN, and PCFH are listed

in Table 3. It is obvious that our method outperforms

other methods by a large margin. For instance, compared

with the baseline LightCNN, VR@FAR=0.1% is improved

from 65.1% to 88.2%. Compared with the state-of-the-

art method PCFH, VR@FAR=0.1% is improved by 1.6%.

Since PCFH has got good performance in Rank-1 accuracy

and VR@FAR=1%, it is impressive to gain the improve-

ments over PCFH.

4.3.3 Results on the BUAA-VisNir dataset.

The cross-dataset experimental results on the BUAA-VisNir

dataset are reported in Figure 5 (b). Our method obtains

photo-realistic synthesized VIS images, although the model

is trained on the CAISA NIR-VIS 2.0 dataset.

We further quantitatively compare our method with

LightCNN, KDSR, TRIVET, IDR, ADFL, and PCFH. The

results of all the methods are shown in Table 4. Compared

with the baseline LightCNN, our method improves the

Rank-1 accuracy, VR@FAR=1%, and VR@FAR=0.1% by

2.1%, 2.6%, and 6.8%, respectively. Moreover, compared

with PCFH, our method gains 1.1% on VA@FAR=0.1%,

revealing the importance of realistic textures. The improve-
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Input w/o UFA w/o TPS Ours

Figure 7. The synthesis results of our method and its two variants

on the CASIA NIR-VIS 2.0 dataset. The images in the first column

are the input NIR images, and the remaining are the results with-

out UFA, the results without TPS, and the results of our method,

respectively.

ments on the Rank-1 and VR@FAR=1% are marginal, be-

cause these indicators are already saturated.

4.4. Experimental Analyses

We begin with studying the roles of our proposed UFA

and TPS, reporting both qualitative and quantitative results

for better comparisons. Figure 7 presents the visualization

comparisons between our method and its two variants. It is

obvious that our method gets the best results. Without UFA,

the synthesized images are blurry, especially for the facial

edges. For example, the cheek of the first synthesized VIS

image is not consistent with that of the input NIR image.

This may be caused by the unaligned paired data. Without

TPS, the synthesized images look unrealistic. The diverse

complexions of the VIS images in the CASIA NIR-VIS 2.0

dataset bring huge challenges for image translation. Our

texture prior provides a complexion simulation mechanism

in the training process, facilitating to synthesize realistic fa-

cial textures. Moreover, Figure 6 shows the synthesized re-

sults under different textures priors. The complexions of

the synthesized results change with the texture priors, which

demonstrates the controllability of the complexion.

Table 5 tabulates the quantitative recognition results of

our method and its variants. We can see that the recogni-

tion performance will highly decrease if any component is

not used, suggesting that each component of our method

is useful. In particular, the recognition performance drops

significantly when UFA is removed. Concretely, the Rank-

1 accuracy, VR@FAR=1%, and VR@FAR=0.1% decrease

to 35.76%, 43.53%, and 21.36%, when removing UFA. The

quantitative results in Table 5 further demonstrate the cru-

cial role of our UFA and TPS for effective cross-spectral

face hallucination.

In addition, we also make a parameter analysis, consid-

ering there are several trade-off parameters. As stated in

Section 3, each loss of our method is reasonable, which is

also confirmed by our experiments. Specifically, when λ1,

λ2, α1, α2, and α3 are set to 0 respectively, the rank-1 ac-

curacy on the CASIA NIR-VIS 2.0 dataset correspondingly

decreases 14%, 0.6%, 0.5%, 11%, and 3%. Meanwhile,

our method is not sensitive to these trade-off parameters in

a large range. For the most influential identity preserving

loss, the rank-1 accuracy only changes 0.8% when λ1 is set

from 1 to 10.

Given that our method performs well on the cross-dataset

experiments, we further test our method on a sketch dataset

CUHK Face Sketch (CUFS) [28]. As shown in Figure 5

(c), although the model is only trained on the CASIA NIR-

VIS 2.0 dataset, we observe satisfactory results on such a

sketch dataset. The synthesized details, including the hair

and the facial textures, are photo-realistic, which proves the

generalization ability of our method. We will continue to

explore more applications in our future work.

5. Conclusion

To tackle the misalignment problem in cross-spectral

face hallucination, this paper has proposed to disentangle

the facial shape and the spectrum information, and settle

them in individual stages. The first stage focuses on the

facial shape. We design an Unsupervised Face Alignment

(UFA) module to align the facial shape of an NIR image

with that of the paired VIS one. Then we use the ac-

quired aligned paired data to train a generator that trans-

lates the NIR image to VIS image. The second stage is in

charge of the cross-spectral translation. To improve the re-

ality of the synthesized results, we develop a Texture Prior

Synthesis (TPS) module and produce VIS images with dif-

ferent complexion cases, which has been proved to facili-

tate the performance of cross-spectral translation. We con-

duct extensive experiments on three challenging NIR-VIS

datasets and achieve state-of-the-art results in visual effects

and quantitative comparisons.
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