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Two-Stream Deep Correlation Network for
Frontal Face Recovery

Ting Zhang, Qiulei Dong, Ming Tang, and Zhanyi Hu

Abstract—Pose and textural variations are two dominant factors
to affect the performance of face recognition. It is widely believed
that generating the corresponding frontal face from a face image of
an arbitrary pose is an effective step toward improving the recog-
nition performance. In the literature, however, the frontal face
is generally recovered by only exploring textural characteristic.
In this letter, we propose a two-stream deep correlation network,
which incorporates both geometric and textural features for frontal
face recovery. Given a face image under an arbitrary pose as in-
put, geometric and textural characteristics are first extracted from
two separate streams. The extracted characteristics are then fused
through the proposed multiplicative patch correlation layer. These
two steps are integrated into one network for end-to-end train-
ing and prediction, which is demonstrated effective compared with
state-of-the-art methods on the benchmark datasets.

Index Terms—Correlation layer, deep neural network, frontal
face recovery, geometric stream, textural stream.

I. INTRODUCTION

FACE recognition is a field of great potential, which has been
widely used in access control, video surveillance, personal

verification, etc. Over the past decade, there have been tremen-
dous advances in face recognition, most of which are owed to
the development of deep learning [1]–[5]. Although data-driven
features extracted by deep neural networks show great advan-
tages over the hand crafted ones in face recognition [6]–[10],
the performance of face recognition is usually influenced by the
large variations in pose, illumination, expression, etc. Among
them, pose variation has been a persistent challenge because it
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may make the intraperson variance exceed the interperson one.
In view of this, many methods have been proposed to transfer
a face image of arbitrary pose to the frontal one. These meth-
ods can be roughly classified into two groups: Two-dimensional
(2-D)-based methods [11]–[17] and 3-D-based ones [18]–[21].

The 2-D-based techniques usually encode a test image with
some exemplars, or use 2-D image matching algorithms to ad-
dress the pose variation. In [12], Markov random fields was ap-
plied to infer the frontal face images. Li et al. [15] proposed an
elastic matching method which aligned the patches and matched
the face images of different poses based on Gaussian Mixture
Model. In [1], a deep convolutional neural network was pro-
posed to recover the frontal image of neutral illumination from
those with arbitrary poses and illumination. In [11], a new deep
architecture was presented to generate face images with target-
poses from those with arbitrary poses and illumination. In [17],
recurrent neural networks were combined with autoencoders to
render sequences of rotated face images through incremental
3-D rotations.

The 3-D-based techniques attempt to match the captured 3-D
facial data to probe face images or align a probe face image to
a 3-D face model. Asthana et al. [19] constructed an aligned
3-D face model from a nonfrontal face image, and then rotated
the model to render a frontal face image. In [20], a virtual
view for the probe image was generated based on a set of 3-D
displacement fields sampled from a 3-D face database and the
synthesized faces were tested.

Despite the demonstrated success, the performance of ex-
isting methods on frontal face recovery is still limited. The
methods based on 3-D reconstruction are time consuming and
sometimes require several views captured at multiple poses.
Although being efficient and only requiring a single input im-
age, the performance of 2-D reconstruction methods is limited
because they only exploit the facial textures to align face images.
These textures are not effective enough to locate correspondence
when face is under out-of-plane rotation.

In this letter, we propose a two-stream deep correlation net-
work (TSDCN) to solve the aforementioned limitations. Given
an input face image, we extract the textural and geometric fea-
tures independently via two streams. The textural stream per-
forms similarly with existing methods and the geometric stream
predicts the angles of the face poses. The angle predictions are
then correlated with the texture correspondence to predict the
recovered face image. Experimental results on the Multi-PIE
and labeled faces in the wild (LFW) datasets demonstrate the
validity of the proposed method.

The contributions of this work include the following.
1) We propose a two-stream network to tackle the frontal

face recovery problem, which could independently cap-
ture textural and geometric features of input face image.
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Fig. 1. Network architecture of proposed TSDCN. A face image under arbi-
trary pose is used as input. After passing the face image through two streams
(geometric stream and textural stream), the intermediate feature maps of two
streams are correlated to generate the frontal face image. The network parame-
ters can thus be updated by jointly optimizing the �2 -losses and softmax loss.

2) We utilize multiplicative patch correlation to fuse geomet-
ric and textural streams for end-to-end face recovery.

3) Experiments on the benchmarks demonstrate the superior
performance of our method compared with state-of-the-
art methods.

Our two-stream scheme seems to have some neurophysiolog-
ical basis. In [22], it is shown that the response of a face selective
neuron in IT can be adequately expressed as a dot product of its
average triggered spikes to the 50-D input face vector, whose
first 25 elements are of face geometric information, and last 25
ones are of appearance information.

II. PROPOSED ALGORITHM

As shown in Fig. 1, our model TSDCN consists of two streams
(geometric stream and textural stream). An input face image is
processed at first, and geometric and textural features are ex-
tracted separately by two streams. Then, the intermediate layers
of the two streams are combined using a correlation layer [23]
to reconstruct the frontal face image. Finally, the linear dis-
criminant analysis (LDA) method is used to classify the output
image of TSDCN into a certain identity. Our TSDCN will be
elaborated in the following sections.

Note that the geometric and textural streams predict in parallel
when generating the final face images. Such a design allows
us to take the geometric transformation among different poses
into account. With the proposed architecture, we constrain the
network to extract geometric and textural information separately
at first, and then correlate them at a higher stage to generate the
recovered face image.

A. Geometric and Textural Streams

The proposed architecture takes 60 × 60 grayscale face im-
ages as inputs. The geometric stream learns to predict the pose
of a face image. This stream is composed of three convolutional
layers and a fully connected layer. Each convolutional layer is
followed by a PReLU activation function [24]. The third con-
volutional layer is connected to a fully connected layer which
contains seven nodes each of which represents the probability
of a certain range of possible poses.

In the training phase, the textural stream learns to generate
a frontal image from the input image under an arbitrary pose.
The input of this stream is the same as that of the geometric
stream. This stream is composed of three locally connected
layers and a fully connected layer. The features extracted by

TABLE I
ARCHITECTURE OF PROPOSED TSDCN

Textural stream Geometric stream

LC 7 × 7 local, chans 32 Convolution 11 × 11 conv, chans 32
Pooling 3 × 3 max pool, stride 2 Pooling 3 × 3 max pool, stride 2
LC 5 × 5 local, chans 32 Convolution 11 × 11 conv, chans 32
Pooling 3 × 3 max pool, stride 2 Pooling 3 × 3 max pool, stride 2
LC 5 × 5 local, chans 32 Convolution 11 × 11 conv, chans 32

Correlation 5 × 5 kernel

FC 3600D

Reshape 60 × 60

The “LC” and “FC” denote the locally connected layer and fully connected layer.

locally connected layers are more powerful than those extracted
by standard convolutional layers used in [25]–[27]. More details
of the architecture are shown in Table I.

B. Feature Map Fusion

We then fuse the feature maps taken from the last con-
volutional layer in the geometric stream and the last locally
connected layer in the textural stream to enrich the represen-
tation. The fused representation captures multiplicative patch
correlations between different representations. We denote the
geometric and textural representations as Ψg and Ψt respectively,
the correlation between Ψg and Ψt in a (2k + 1) × (2k + 1)
patch is defined as

Ψc(x1 , x2) = c(Ψg , Ψt)

=
∑

o∈[−k,k ]×[−k,k ]

〈Ψg (x1 + o)Ψt(x2 + o)〉. (1)

To reduce the computational cost in the correlation, the max-
imum displacement for comparisons is limited, and the stride is
used in both feature maps.

A fully connected layer is applied on Ψc as

Y = f(W1Ψc + b1) (2)

where Y is the output of the fully connected layer, f(·) denotes
the nonlinear activation function, W1 the weight matrix, and b1
the bias vector.

The cost function is defined as

Lf =
N∑

j=1

‖Yj,GT − Yj‖2 (3)

L = Lf + αLg + βLt (4)

where Yj,GT and Yj are the ground-truth and generated frontal
face image, j and N are the index of the training input and batch
size respectively. Lf denotes the loss of the final output image,
Lg and Lt the loss of geometric stream and textural stream,
respectively. L is the weighted sum of different losses. α and β
are constant coefficients to balance the loss function.

III. EXPERIMENTS

We implement our experiments using Caffe [32] and train
the proposed TSDCN in three procedures. First, we only en-
able the supervision from Lg to pretrain the geometric stream.
Second, we only exploit the supervision from Lt to pretrain the
textural stream. Finally, we fine-tune the whole network with
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TABLE II
FACE RECOGNITION RATES (%) UNDER DIFFERENT POSES ON THE

MULTI-PIE DATASET

−45◦ −30◦ −15◦ +15◦ +30◦ +45◦ Avg

Li [28] 63.5 69.3 79.7 75.6 71.6 54.6 69.3
Zhu [1] 67.1 74.6 86.1 83.3 75.3 61.8 74.7
CPI [11] 66.6 78.0 87.3 85.5 75.8 62.3 75.9
CPF [11] 73.0 81.7 89.4 89.5 80.4 70.3 80.7
VS2VI [13] 62.3 84.3 92.3 91.1 80.5 58.4 78.1
GEM [29] 63.8 75.1 84.7 84.9 75.2 63.0 74.4
HPN [30] 71.3 78.8 82.2 86.2 77.8 74.3 78.4
PPDN [31] 72.1 85.4 92.4 91.4 87.1 71.0 83.2
Textural stream 58.2 80.5 87.3 90.9 78.9 56.0 75.3
TSDCN 69.2 88.9 93.3 95.5 89.0 69.6 84.3

TABLE III
FACE RECOGNITION RATES (%) ON DIFFERENT ILLUMINATIONS ON THE

MULTI-PIE DATASET

00 01 02 03 04 05 06

Li [28] 51.5 49.2 55.7 62.7 79.5 88.3 97.5
Zhu [1] 72.8 75.8 75.8 75.7 75.7 75.7 75.7
CPI [11] 66.0 62.6 69.6 73.0 79.1 84.5 86.6
CPF [11] 59.7 70.6 76.3 79.1 85.1 89.4 91.3
Textural stream 57.3 64.0 69.9 75.2 79.4 83.2 85.6
TSDCN 69.1 76.2 80.5 83.7 86.1 90.7 91.9

08 09 10 11 12 13 14

Li [28] 97.7 91.0 79.0 64.8 54.3 47.7 67.3
Zhu [1] 75.7 75.7 75.7 75.7 75.7 75.7 73.4
CPI [11] 86.5 84.2 80.2 76.0 70.8 65.7 76.1
CPF [11] 92.3 90.6 86.5 81.2 77.5 72.8 82.3
Textural stream 86.2 84.7 80.8 75.8 71.0 66.2 77.7
TSDCN 92.1 91.4 89.8 86.6 82.6 76.0 85.1

15 16 17 18 19 Avg

Li [28] 67.7 75.5 69.5 67.3 50.8 69.3
Zhu [1] 73.4 73.4 73.4 72.9 72.9 74.7
CPI [11] 78.2 80.7 79.4 77.3 65.4 75.9
CPF [11] 84.2 86.5 85.9 82.9 59.2 80.7
Textural stream 78.7 79.8 80.0 78.1 57.5 75.3
TSDCN 85.9 88.5 88.0 88.8 68.9 84.3

the supervision from L. This training manner helps preserve
the geometric and textural information for the two streams re-
spectively, and thus enhance the performance. We evaluate the
effectiveness of our TSDCN on the popular constrained dataset
Multi-PIE [33] and the unconstrained dataset LFW [34].

A. Multi-PIE

The popular Multi-PIE dataset [33] contains images of 337
people with different poses, illuminations, and expressions.
Similar to [1] and [11], all the referred methods are evaluated
on a subset of Multi-PIE, the same as Setting 1 in [11]: only im-
ages under all the 7 poses and 20 illuminations with the neutral
expression in session one are adopted for training and test-
ing. In this section, We evaluate the proposed algorithm against
the state-of-the-art methods and visualize the features extracted
from different layers.

1) Face Recognition: In the test stage, features are extracted
from the output layer to recover the frontal face images. LDA
is used to classify the generated image into a particular identity.
Table II reported the recognition rates of the mentioned meth-
ods for different poses and Table III for various illuminations.
Best results are written in bold. The TSDCN model performs

Fig. 2. Feature map visualizations in the textural stream. The dot of the same
color represents the same identity. For example, the red dot represents the feature
extracted from the images of identity with ID 101.

favorably against the state-of-the-art methods and original tex-
tural stream on the Multi-PIE dataset.

As shown in Table II, TSDCN outperforms the state-of-the-
art methods [1], [11] on four poses (+15◦,+30◦,−15◦,−30◦),
and the average recognition rate. We note that our performance
on pose −45◦ and 45◦ ranks in the second place. We can con-
clude from Table II that TSDCN improves the face recognition
rates from 3.9% to 8.6% on four poses. Also, the average face
recognition rate is increased by 3.6%. TSDCN also outperforms
the original textural stream on all the poses, and it indicates the
effectiveness of introduction of geometric information.

As shown in Table III, TSDCN outperforms the methods [1],
[11] for 15 out of 19 illuminations. Note that the neutral illu-
mination (ID 07) is not included in the test dataset. The results
demonstrate the effectiveness of our proposed method.

To investigate the quality of feature representation for face
recognition, we use the t-SNE algorithm [35] to transform the
feature map from each layer in the textural stream and also the
final recovered frontal images from high-dimensional space into
2-D space, so that similar samples are spatially clusterred. As
shown in Fig. 2, the mixed features from the first pooling layer
are similar to those from the input layer. Features of the same
identity begin to merge with each other from the second pooling
layer. In the third locally connected layer, features are basically
separated from each other. The reconstructed frontal images
predicted from the same identity clustered, while those from
different identities are spatially distinct. The above results show
that the textural stream can extract effective textural information.

2) View Classification: The TSDCN’s ability to predict the
poses from the input images is evaluated on the Multi-PIE
dataset. Table V reported the classification accuracies of dif-
ferent poses by TSDCN. The classification rates of most poses
by TSDCN are above 90%. It suggests that we can accurately
learn pose angles through the geometric stream.

To investigate the quality of feature representation for view
classification, we use the t-SNE method to visualize features ex-
tracted from each layer in the geometric stream, and demonstrate
that geometric stream can extract effective geometric informa-
tion. As shown in Fig. 3, features under the same pose gradually
merge with each other as the layer increases. The visualization
results of the output layer in the geometric stream show that
these features are discriminative among different poses.

3) Evaluation on the Recovered Frontal Images: Fig. 4
shows several reconstructed examples. It indicates that TSDCN
can preserve each subject’s characteristics and make the recov-
ery under neutral illumination. To evaluate the quality of the
recovered images, LDA is applied on the original face images
and the recovered ones. The recognition rates reported in Fig. 5
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Fig. 3. Feature map visualizations in the geometric stream. The dot of the same
color represents the feature of input images under the same viewing condition.
For example, the red dot represents the feature extracted from the images under
pose 45◦.

Fig. 4. Reconstructed examples on the Multi-PIE dataset: (top) Images of six
poses under arbitrary illuminations for each identity. (bottom) Reconstructed
frontal face images under neutral illumination.

Fig. 5. Face recognition performance on the Multi-PIE dataset by applying
LDA on the original face images and recovered ones.

demonstrate the advantage of our recovered images over the
original images. It indicates that frontal recovered face images
improve the recognition performance more when the input face
images are in larger pose variations. For face images under
pose 45◦ and −45◦, over 35% improvement is achieved on the
recognition rates.

B. Labeled Faces in the Wild

LFW [34] contains 13 223 images from 5749 subjects with
various poses, expressions, illuminations, etc. Our architecture
is trained on CelebFaces [37], in which the images are with large
pose variations.

1) Selection of Frontal Face Images: We adopt the same
strategy as [36], which also recovers frontal faces for face ver-
ification task. The measurement of the frontal view face image
is defined by

M(Xi) = ‖XiL − XiR‖2
F − λ‖Xi‖∗ (5)

where Xi denotes a face image of the ith identity, λ is a constant,
‖ · ‖F is the Frobenius norm, and ‖ · ‖∗ denotes the nuclear
norm. L and R are two constant matrices representing the left
part and right part of the input face image, respectively. The first
term in (5) corresponds to the symmetry of the face, while the
second represents face rank.

TABLE IV
FACE VERIFICATION PERFORMANCE (%) USING DIFFERENT FEATURES ON THE

LFW DATASET

Methods LBP Gabor HOG

Zhu [36] 87.31 85.17 83.26
TSDCN 87.59 87.34 88.48

TABLE V
CLASSIFICATION ACCURACIES (%) OF DIFFERENT POSES ON THE

MULTI-PIE DATASET

View −45◦ −30◦ −15◦ +15◦ +30◦ +45◦ Avg

Accuracy 96.1 95.2 95.3 96.7 89.4 93.2 94.3

Fig. 6. Reconstructed examples on the LFW dataset: (left) Original face im-
ages. (right) Reconstructed frontal face images under neutral illumination.

TABLE VI
COMPARISONS OF RECOGNITION RATES (%) UNDER DIFFERENT POSES USING

THE CONCATENATION LAYER AND TSDCN ON THE MULTI-PIE DATASET

−45◦ −30◦ −15◦ +15◦ +30◦ +45◦ Avg

Concat 57.2 81.5 90.0 94.0 80.7 52.5 76.0
TSDCN 69.2 88.9 93.3 95.5 89.0 69.6 84.3

2) Evaluation on the Reconstructed Face Images: To eval-
uate the quality of the reconstructed face images, HOG [38],
LBP [39], and Gabor [40] features are extracted from the recov-
ered frontal images on the LFW dataset. PCA is applied after
feature extraction. Table IV reports the performance of face ver-
ification on the LFW dataset, it demonstrates that our method
performs favorably against Zhu [36]. For HOG feature, the ac-
curacy is improved by 5.22% using our method. Fig. 6 shows
some recovered face images with identity preserving.

C. Effectiveness of the Correlation Layer

If the correlation layer is replaced by the concatenation layer
in the TSDCN, the correlation between the geometric informa-
tion and textural information is completely abolished. Table VI
indicates that our correlation layer achieves higher recognition
rates than concatenation layer. Best results are written in bold.
Meanwhile, we observe that the improvement over concatena-
tion layer integration is more obvious when the input face is in
larger pose.

IV. CONCLUSION

In this letter, we address the frontal face recovery problem
through a TSDCN. Different from existing methods only con-
sidering texture correspondence, the proposed network incorpo-
rates both geometric and textural features to construct a unified
network. The overall performance of TSDCN is superior com-
pared with state-of-the-art frontal face recovery methods. Ow-
ing to the specific capability to perform accurate face geometry
modeling, we obtain reconstructed frontal face images of high
quality. In the future work, we will further extend our TSDCN
architecture for generic image rotating task.
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