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Abstract

As face recognition progresses from constrained sce-
narios to unconstrained scenarios, new challenges such as
large pose, bad illumination, and partial occlusion, are en-
countered. While 3D or multi-modality RGB-D sensors are
helpful for face recognition systems to achieve robustness
against these challenges, the requirement of new sensors
limits their application scenarios. In our paper, we propose
a discriminative face depth estimation approach to improve
2D face recognition accuracies under unconstrained sce-
narios. Our discriminative depth estimation method uses a
cascaded FCN and CNN architecture, in which FCN aims
at recovering the depth from an RGB image, and CNN re-
tains the separability of individual subjects. The estimated
depth information is then used as a complementary modal-
ity to RGB for face recognition tasks. Experiments on two
public datasets and a dataset we collect show that the pro-
posed face recognition method using RGB and estimated
depth information can achieve better accuracy than using
RGB modality alone.

1. INTRODUCTION

Face recognition has achieved great progress in the past
decades of years and is becoming usable in many real ap-
plication scenarios, such as checking-in systems, security
departments, and law enforcement. While most of the cur-
rent face recognition methods are focusing on 2D images,
RGB-D or 3D based face recognition shows more robust-
ness against large pose, partial occlusion, and uneven illu-
mination variations [5, 6, 3, 9]. However, even the gallery
images of the face recognition systems can be captured with
RGB-D sensors to retain more subject discriminative infor-
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Figure 1. Discriminative face depth estimation from 2D RGB face
images. (a) input RGB images, (b) estimated depth image by our
approach, and (c) the ground-truth depth. The depth images are
scaled into the range of [0, 255].

mation, it is not possible to replace all the existing RGB
cameras with RGB-D sensors in a short time.

In addition, a large amount of 2D face databases will be
continuously used by existing face recognition systems for
a long time. In this situation, a more feasible way is that
the enrollment of individual subjects in the gallery set uses
RGB-D, but the testing images remain in RGB modality.
This means that the existing face recognition systems need
to handle both RGB-D multi-modality gallery images and
RGB unimodality probe images. This is a challenging task,
and there is only a limited number of studies on this topic.

To match RGB probe images with RGB-D gallery im-
ages, there are three possible solutions: (i) directly throw
the depth modality of the gallery face images, and perform
RGB probe vs. RGB gallery matching; (ii) use canonical
correlation analysis or common feature learning methods to
conduct RGB probe vs. depth gallery problem, and then
fuse the model with RGB probe vs. RGB gallery model;
(iii) use a depth estimation model to estimate the needed



depth images for the probe set, and then apply RGB-D
probe vs. RGB-D gallery algorithm. Among these ap-
proaches, the first approach does not exploit the comple-
mentary information provided by depth modality. The sec-
ond approach faces great challenges because the RGB and
depth are very different modalities. The third approach has
much wider application scenarios, e.g., by converting RGB
vs. RGB-D face recognition into RGB-D vs. RGB-D face
recognition (see Fig. 1). The original modality gap between
2D probe images and RGB-D gallery images no longer ex-
ist, and thus, all the existing RGB-D face recognition algo-
rithms can be used. In this paper, we focus on the study of
depth estimation from 2D face images to solve the RGB vs.
RGB-D face matching problem.

However, depth estimation from a single RGB face im-
age is nontrivial. The main difficulties of this problem are:
(1) Similar to 3D reconstruction from a single 2D image,
depth image estimation from a single RGB image is also an
ill-posed problem. This is because an object with different
3D shape may still generate the same 2D image. (ii)) RGB
and depth modalities are heterogeneous from each other.
While RGB image represents the texture information, the
depth reflects the shape information. (iii) The estimated
depth is expected to be not only visually reasonable but also
discriminative for face recognition tasks.

Inspired by the pixel-wise labeling ability of fully con-
volutional network (FCN) [24] and discriminative feature
learning ability of convolutional neural network (CNN)
[25, 28, 10], we propose a network architecture of cas-
caded FCN and CNN for discriminative depth estimation
approach from 2D face images. Specifically, FCN aims to
predict the depth information from an RGB image, while
CNN aims to retain the subject discriminative information
in the estimated depth. In the cascaded network framework,
the feature map of the last layer in FCN is fed into the first
layer in CNN, which connects FCN and CNN and as the
face depth information estimated. There are two loss func-
tions in the proposed depth estimation network: Euclidean
loss penalizing the errors between the estimated depth and
the ground truth depth, and a softmax loss [16] enforcing
the discriminative ability of the estimated depth informa-
tion. Both the Euclidean loss and the softmax loss are back
propagated to the whole cascaded network. An overview of
the proposed approach is shown in Figure 2. Experimental
results on the public domain Lock3DFace [31] and IIIT-D
RGB-D face database [5], and a database we collected show
that the proposed face depth estimation is very effective in
improving the face recognition accuracy than single RGB
modality.

The main contributions of this work are: (i) a cascaded
FCN and CNN architecture for discriminative depth estima-
tion from a single RGB images; (ii) the ability of mitigating
the modality gap for matching RGB probe face images with

RGB-D gallery face images; and (iii) extending the appli-
cation scope for current RGB-D face recognition methods
into cross-modality scenarios.

2. RELATED WORK
2.1. Face Depth Estimation

The constrained independent component analysis (cICA)
model was proposed in [26] to convert the overcomplete
ICA problem into a normal ICA problem for face depth es-
timation from one or various different posed 2-D images.
[27] used a nonlinear least-squares model with similarity
transform for the pose of the face image and different opti-
mization schemes to predict the 3D structure of the human
face. The methods proposed in [26, 27] utilized various
pose of 2D face images to depth estimation. [32] can es-
timate face depth from the single frontal face image. The
method proposed in [32] takes face depth estimation as a
statistical learning problem. To find the transformation of
face texture image and depth image, the authors used the
local binary pattern (LBP) model to encode the face texture.
The statistical method proposed by [23] is based on Canon-
ical Correlation Analysis (CCA) and estimate depth infor-
mation from the frontal color face image, but the method
has a limitation on the angle of the color face. A framework
was proposed in [15] for depth estimation, this framework
consists a 2D-3D database which formed by feature points
of 2D and 3D images. Based on the 2D-3D database, the
method proposed in [15] can estimate depth from single test
2D image.

Different from the above methods, the proposed ap-
proach for face depth estimation from a single color image
is based on a cascaded FCN and CNN architecture. Our
face depth estimation method aims at not only minimizing
the differences between the estimated depth and the ground-
truth depth but also retaining as much subject discriminative
information as possible.

2.2. General Image Depth Estimation

In addition to face depth estimation, there are also a num-
ber of methods for depth estimation from a generic image.
In [30], the scenario structure was used to estimate the ab-
solute mean depth of the scene. Similar to our approach,
the estimated depth image is used to recognition. However,
our method aims to predict a depth image that retains the
subject-discriminative information. A convolutional neural
network was designed in [2] to predict the relative depth of
a single image in the wild. An FCN with residual learning is
proposed in [17] to predict the depth information in an end-
to-end manner. The method in [1] also used a deep fully
convolutional residual networks for depth estimation. But
the difference is that [1] treat depth estimation as a clas-
sification problem instead of regression problem and take
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Figure 2. An overview of the proposed approach for discriminative face depth estimation.

post-processing to improve the performance. [12] proposed
a method to computer projection error, which can improve
the performance of depth estimation by reinforcing the gra-
dient component. Conditional Random Field network was
exploited in [19, 20, 11, 18] for depth estimation of general
scenarios. The methods proposed in [19] and [20] com-
bined the capacity of deep CNN and continuous CRF, which
construct a deep CNN framework to learning the poten-
tial of continuous CRF, aim to estimate depth information
from a single monocular image. Convolutional Conditional
Random Field Network (CCRFN) model was proposed in
[11], which used two CNN to learn the absolute and rela-
tive features from raw images and then fed learned features
to CRF to generate the depth of images. A deep convo-
lutional neural network (DCNN) was proposed in [18] to
regress the depth and surface normal information of an im-
age and use CREF to refine the result to improve the perfor-
mance. A coarse-to-fine CNN was proposed in [4] which
used a coarse-scale network to predict the global depth in-
formation and a fine-scale network to refine the coarse depth
map.

We can see that CNN based approaches have been found
to be effective for general scenario depth estimation from a
single 2D image. In this paper, we also use CNN for face
depth estimation from a single face image. But there are a
few differences. Firstly, we use CNN to predict the depth
of a particular object, rather than the general scene. Sec-
ondly, we aim to produce more distinguishable depth infor-
mation of face image instead of less different with ground-
truth depth image. Thirdly, we combine estimated depth
face image and color face image to face recognition, the
experiment shows that it is better than using single color
modality.

2.3. RGB-D Face Recognition

As the depth cameras become more and more popu-
lar, a few RGB-D face image database is available public,
there are some methods to exploit the RGB-D face recogni-
tion. Related to RGB-D face recognition, [13] proposed the

method which using RGB-D face data to gender recogni-
tion based on the LBP descriptor of gray and depth image.
[5] compute the RGB entropy and depth entropy of face
image as well as the HOG of visual saliency map of the hu-
man face, the random decision forest as the classifier. [6] is
based on the methods proposed by [5], apart from the de-
scriptor based on the entropy of RGB-D image and saliency
map, they also extract the geometric facial attribute from
depth face image, the result of descriptor and attribute is
fused for RGB-D face recognition. The most related work
to our approach is [3], which used an autoencoder to esti-
mate the depth information. The proposed approach differs
from [3] in that we are trying to not only minimize the depth
estimation errors but also retain the discriminative ability of
the estimated depth.

3. PROPOSED APPROACH
3.1. Overview

Based on the observation that most of the published
depth estimation methods for 2D images aim to minimize
the Euclidean loss (Ly loss) between the estimated depth
and the ground-truth depth. Such a loss is able to retain
the subject’s identity information to some extent but still
lacks explicit constraint to assure high discriminative abil-
ity among individual subjects.

We choose to jointly consider the depth reconstruction
error in terms of Lo loss and subject classification error in
terms of softmax loss. Formally, the goal of our approach is
to minimize

Wr;l_’ivr[l/c ‘d—FF(x,WF)|2+logZ€zj —zy (D)
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where x is the input 2D face image and d is the ground-
truth depth face image. F'r and F - denote the depth estima-
tion function and multi-class classification function, respec-
tively. y is the label corresponding to the input data . Wg



and W are the parameters for the depth estimation function
and multi-class classification function, respectively. For the
depth estimation function Fr, we choose to use an FCN
network, and for the multi-class classification function F ¢
we choose to use CNN network. With the joint loss by FCN
and CNN, the depth estimation process is forced to replicate
the ground-truth depth information while retaining subject
discriminative information. An overview of the proposed
approach is shown in Figure 2.

3.2. Implementation Details

Depth estimation with FCN. FCN was first proposed
as a classification network for image semantic segmentation
by pixel-wise labeling, e.g., foreground vs. background. In
this paper, FCN is utilized for a more fine-grained pixel-
wise labeling, i.e., assign a depth value from [0, 255] to each
pixel. As shown in Figure 2, our FCN network consists of
eight convolutional layers and three deconvolutional layers.
We use 2 x 2/s2 max pooling to reduce the feature map
size to 1/4 times pixels of previous layer (s2 means stride is
set to 2), and use 6 x 6/s2 deconvolution layer to increase
the feature map size to 4 times pixels of the previous layer.
Besides, all convolution layers do not change the feature
map size, and they are all 3 x 3/s1 kernels. We use PReLU
as the non-linear rectifier function after each convolution
layer and deconvolution layer, except the last deconvolution
layer. BatchNormalization (BN) [14] layer is added before
every rectifier. The input RGB image to FCN is 224 x 224 x
3, the target depth image is 224 x 224 x 1 which is a one-
channel depth face image. Euclidean loss is used to penalize
the error between the estimated depth and the ground-truth
depth.

Subject discriminative learning via CNN. To enforce
the estimated depth image to retain as much subject discrim-
inative information as possible, we propose to use a CNN to
penalize the inter-subject similarities. Specifically, we uti-
lize a VGG-11 network [25], which has eight convolutional
layers, three fully connected (FC) layers, and with a BN
layer added before each ReLU rectifier in the network. In
addition, we change the two 4096D FC layers in VGG-11
into 2,048 FC layers.

The input of VGG-11 is the output of the preceding FCN
network which is a one channel depth image, the output of
CNN network is the probability of every face label. The
feature maps size of every layer is annotated below corre-
sponding network layers shown in Figure 2.

Network training. The network weights are updated
with the following policy

OLp OL¢c

AJ/V = mAi,1W + wlm + wo oW

3)

where A, W is the transformation weights update tensor of
i-th iteration, w; and ws is the weights of loss Ly and L¢.
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Figure 3. The processing for the RGB and depth image: (a) the
original RGB images and the detected face landmarks, (b) the
corresponding near infrared images (the same size as the depth
images) and face landmarks, (c) cropped RGB face images, (d)
cropped depth face image based on mapping matrix, (e) the his-
togram of cropped and smoothed depth image, (f) scale depth im-
age into [0, 255].

Generally, w = wjoss * @, Wioss 1S the loss weight and « is
learning rate. m is momentum parameter.

‘We notice that the scale of the Lo loss in FCN is much
larger than the scale of the CNN softmax loss. We set the
loss weight of FCN to 0.001 to balance the influence of Lo
loss and softmax loss. Then, our cascaded FCN and CNN
network can be trained in an end-to-end approach.

Face Recognition. Given the RGB face images and the
estimated depth images, we train an Inception V2 network
[14] for each modality and extract the 1024D features from
the loss1/fc layer for the Inception V2 network. We then
explore three types of modality fusion methods: score-level
fusion, feature-level fusion, and channel-level fusion. In
score-level fusion, we calculate the correlation similarity of
each modality, and fuse the RGB and depth scores using a
sum rule

S=a-S1+(1-a)-S 4)

where « is the weight for the RGB modality, and we use
a = 0.5 by default. In feature-level fusion, we concatenate
the RGB and depth features together to get a 2048D feature
vector, and use the correlation of two features as the similar-
ity. In the channel-level fusion, depth is concatenated with
RGB as a four-channel input data into the Inception V2 [14]
network. The features extracted from the loss1/fc layer are
the final features of a RGB-D image and correlation is used
as the similarity.

The preprocessing of RGB-D images. Specifically, as
shown in Figure 3 (a), we detect facial landmarks on RGB
images using an open-source face recognition engine!. We
can not perform landmark detection on the depth images be-
cause most of the face alignment algorithms are developed
for RGB images. Instead, we map the landmark positions

"https://github.com/seetaface/SeetaFaceEngine.



from RGB to depth based on either the mapping matrix pro-
vided by the RGB-D sensors or the affine transformation
matrix computed based on pairs of RGB and near-infrared
images (see Figure 3 (b)) due to the near-infrared images
and depth images share the same coordinate. The RGB and
depth images are then cropped based on the five facial land-
marks. Finally, we scale the cropped depth image into [0,
255].2 For the Lock3DFace RGB-D database, there are a
lot of noises in the depth image, so we used a bilateral filter
[29] to suppress the noises.

4. Experimental Results
4.1. Databases

We provide evaluations on two public-domain RGB-D
databases including IIIT-D [5], and BUAA Lock3DFace
database [31], as well as an RGB-D database we collected.

IIT-D. HIT-D contains 4,603 RGB-D images of 106
subjects, which were captured using Kinect I with normal
illumination and a few pose and expression variations. We
randomly select 72 subjects for training dataset and the re-
maining 34 subjects for test dataset.

BUAA Lock3DFace. BUAA Lock3DFace has much
more subjects than IIIT-D and contains 5,711 RGB-D video
sequences of 509 subjects, which were recorded using
Kinect II with variations in pose, expression, occlusion,
and time. We extract 33,780 RGB-D images from all the
video sequences and randomly select 340 subjects (22,798
images) as the training dataset, the remaining 169 subjects
(10,982 images) RGB-D images are used for testing. We
also divide the testing dataset into five subsets following
[31], which are frontal, pose, expression, occlusion and
time subsets, respectively.

Our database. Our database was captured using Re-
alSense II instead of Kinect, containing about 845K RGB-D
images of 747 subjects with continuous pose variations and
a few illumination changes. We randomly select 500 sub-
jects (about 581,366 images) for training and the remain-
ing 247 subjects for testing. After division, the training set
contains 581,366 pairs of images and testing set contains
280,257 pairs of images.

For each subject used for testing in the BUAA
Lock3DFace, IIIT-D, and our dataset, one frontal or near-
frontal face image is used as the gallery, and the other im-
ages are used as the probe. Table 1 summarizes the testing
protocols of the three databases. We should point out that
the training set of each database is used for training both the
depth estimation model and the face recognition model.

%A detailed description of our scaling pipeline is provided at: http:
//www.escience.cn/people/hhan/publication.html

Table 1. Database divisions for the experiments on IIIT-D, BUAA
Lock3DFace, and our dataset.

Database Variations Train (#img./#sub.) Test (#img./#sub.)
HIT-D Mixed 3,632/72 971/34

Neutral-fromtal 4,068/340 2,016/169

Expression 5,172/340 2,544/169

BUAA Pose 4,040/340 2,012/169
Lock3DFace Occlusion 3,909/340 1,915/169
Time(Session2) 5,614/117 2,495/52

Total 22,798/340 10,982/169

Ours Mixed 581,366/500 280,257/242

4.2. Evaluation metrics

Depth Estimation. We compute the pixel-wise Mean
Absolution Error (MAE) between the estimated depth im-
age and the ground-truth depth image, ie., MAE =
LS . |d; — df|, where n is the total number of pixels
of the depth image, d; and d; are the estimated depth value
and the ground-truth depth value of the i-th pixel.

Face Recognition. We report the rank-1 identification
accuracy for comparing the face recognition performance
with and without using the estimated face depth informa-
tion by our method. In order to fully evaluate the accuracy
of face recognition of baseline and proposed methods, we
report the result of the three types of multi-modalities hu-
man recognition.

4.3. Results

We first report the face depth estimation accuracy by
the proposed approach and compare it with the baseline
method, i.e., FCN [24]. Figure 4 shows that both the
proposed approach and FCN generate visually pleasing
depth images from the input RGB images. The pixel-wise
depth estimation MAEs on the Lock3DFace, IIIT-D, and
our dataset are reported in Table 3. These results may
raise doubts about the effectiveness of the proposed dis-
criminative depth estimation method. The reason is that
MAE mainly corresponds to the subjective quality w.r.t. the
ground-truth depth, but a lower MAE does not necessarily
mean higher discriminative ability. This observation is ver-
ified by our following face recognition experiments using
RGB and estimated depth images.

Since the purpose of depth estimation is to improve the
2D face recognition performance, we perform face identifi-
cation experiments on Lock3DFace, IIIT-D, and our dataset
using the RGB images and the estimated depth information
to verify whether our discriminative depth estimation ap-
proach is helpful for improving 2D face recognition accu-
racy or not.

We assume that the both the RGB and depth modalities
are available in the training and gallery sets, but only RGB
modality is available in the probe set. So on the training
dataset, three Inception V2 models can be trained for RGB,
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Figure 4. Example of the depth estimation results on (a-b) IIIT-D database, (c-d) the Lock3DFace database, and (e-f) our database. The
four columns from left to right represent the RGB images, depth images estimated by FCN [24], depth images estimated by our method,
respectively. The numbers under the estimated depth images represent the MAEs value.

Table 2. Definitions of the face recognition model type, gallery type, and probe type used in the face identification experiments.

Model type Description Gallery type Description Probe type Description
M, Inception V2 FR model trained G ground-truth depth =t ground-truth depth
using ground-truth depth
Mo Incept19n V2 F R model trained Go estimated depth P estimated depth
using estimated depth
M, Inception V2 FR model trained ) i i
using ground-truth and estimated depth

Table 3. Comparisons of the depth estimation errors by our ap-
proach and the baseline method on three RGB-D databases.

Method Pixel-wise MAE
Lock3DFace IIIT-D  Our Dataset

FCN [24] 22.3 40.2 12.9

Proposed approach 224 40.1 13.4

ground-truth depth, estimated depth, respectively. For the
gallery set, we can use either the ground-truth depth or the
estimated depth. For the probe set, we focus on the evalu-
ations of the estimated depth, and the ground-truth depth is
only used as a reference for the upper bound of the perfor-
mance. To simplify our descriptions, we provide explana-
tions for the model, gallery, and probe types in Table 2.

The face identification performance using different com-
binations of model type and gallery type on Lock3DFace,
III'T-D, and our dataset are shown in Table 4. The face iden-
tification accuracies using RGB modality alone are 94.5%,
95.9%, and 93.3% on Lock3DFace, IIIT-D, and our dataset,
respectively. When the estimated depth is used for face
identification together with the RGB image, we can see the
depth estimated by our method (M2/G2/P2) achieves the

best result on the Lock3DFace database, and it improve the
2D face recognition accuracy from 94.5% to 94.90%. Sim-
ilarly, the depth estimated by our approach leads to higher
face recognition accuracy on IIIT-D (M2/G2/P2) and our
dataset (M3/G1/P2), than the baseline depth estimation. We
also report the face identification performance on the indi-
vidual subsets of Lock3DFace in Table 5. The proposed
approach shows excellent performance on all the subsets
except for Probegh, which is a probe set with a time gap
to the gallery set. The results by three different modality
fusion methods (described in Sect. 3.2) are shown in Table
6. We can see that a score-level fusion of RGB and the esti-
mated depth by our approach can consistently improve the
face recognition performance.

We also perform a T-test between the accuracies of RGB
face recognition and our multi-modality face recognition.
The p-value is 0.1, which suggests that the improvement by
the proposed approach is significant. These results show the
effectiveness of the our approach in retaining subject dis-
criminative information in the estimated depth images, and
improve the face recognition accuracy compared to using
only the RGB face images. Theoretically, the depth images
are estimated from the RGB images, and do not increase
any information. The possible reason why depth estimation



Table 4. Face identification accuracies on the Lock3DFace, IIIT-D, and using the estimated depth information by the proposed approach
and the baseline method. The results using RGB and the ground-truth depth images are shown in red, and used as the reference for the

upper bound of the performance using RGB and estimated depth.

Experiments Lock3DFace III'T-D RGB-D database Our dataset
Modal G./P. Estimated depth Color Depth Fusion Color Depth Fusion Color Depth Fusion
My Gi/P1 - 94.51% | 79.85%  95.57% | 95.88% | 78.89%  96.50% | 93.33% | 94.26%  98.00%
G1/P FCN 1.78% 94.53% 4.53% 95.88% 11.01%  93.77%
1 2
Proposed 2.61% 94.58 % 3.81% 95.88% 5.18% 93.41%
M Go/P FCN 9451% 38.19%  94.52% 95.88% 58.19%  95.98% 93.33% 15.57%  93.44%
2752 Proposed 45.26%  94.67% 67.04%  96.19% 17.30%  93.43%
G1/P FCN 1.37% 94.53% 4.02% 95.88% 1.52% 93.34%
1742 Proposed 0.93% 94.53% 3.50% 95.88% 0.52% 93.33%
My Ga /P FCN 9451% 50.50%  94.28% 95.88% 69.62%  95.78% 93.33% 52.69%  94.79%
272 Proposed 80.07%  94.90% 82.08%  96.50% 80.82%  96.13%
G1/Ps FCN 21.06%  94.88% 19.77%  95.98% 48.87%  95.84%
Proposed 65.34%  94.74% 25.85%  96.09% 67.82%  96.49%
Ms Ga/ P FCN 9451% 48.73%  94.10% 95.88% 70.44%  96.09% 93.33% 52.12%  95.00%
2752 Proposed 65.34%  94.74% 82.60%  96.40% 81.43%  96.43%
Table 5. Face recognition accuracies (rank-1) on the Lock3DFace database.
. Depth est. by FCN [24] | Depth est. by our approach | Ground-Truth Depth
Test subset Description Only RGB Depth Fusion Depth Fusion Depth Fusion
Probe_S1 {NU} x S1 100% 98.51% 100% 100% 100% 99.55% 100%
Probe_S2 {FE} x S1 100% 84.55% 100% 98.47% 100% 98.03% 100%
Probe_S3 {PS} x S1 95.63% 17.74% 95.38% 70.53% 95.87% 65.26%  95.92%
Probe_S4 {OC} x S1 97.13% 39.74% 97.18% 78.28% 97.39% 81.62%  99.11%
Probe_S5 | {NU, FE, PS, OC} x S2 81.56% 11.66% 82.44% 54.27% 84.53% 55.79%  85.13%
Total {S1, S2} 94.51% 50.50% 94.28% 80.07% 94.90% 79.85%  95.57%
is able to improve 2D face recognition performance is that Acknowledgment

by converting the RGB modality into a new space (i.e., the
depth space), the network is able to extract subject discrim-
inative features from a different aspect. These features may
not be fully explored in the original RGB image space.

5. Conclusions

We propose an end-to-end learning method for estimat-
ing the face depth information from a 2D face image, and
use the estimated depth information to improve 2D face
recognition accuracy. The proposed approach aims retain
more subject discriminative information in the estimated
depth instead of only minimizing the errors between the es-
timated depth and the ground-truth depth. Experimental re-
sults shown that while the proposed methods achieves simi-
lar depth estimation MAE to the state-of-the-art method, its
performance of face recognition is much better. In our fu-
ture work, we will study the effectiveness of the proposed
approach for improving 2D face recognition performance
using additional modalities such as near-infrared. In addi-
tion, face liveness detection [21, 22] and attribute learning
[7, 8] based on multi-modality information will be interest-
ing research directions.
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