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Abstract—The block-based representation learning method has been proven to be a very
effective method for person re-identification (Re-ID), but the features extracted by the existing
block-based approach tend to have a high correlation among different blocks. Also, these
methods perform less well for persons with large posture changes. Thus, Part-based Nondirect
Coupling (PNC) representation learning method is proposed by introducing a similarity measure
loss to constrain features of different blocks. Moreover, Part-based Nondirect Coupling
Embedded GAN (PGAN) method is proposed, which aims to extract more common features of
different postures of a same person. In this way, the extracted features of the network are robust
for posture changes of a person, and there are no auxiliary pose information and additional
computational cost required in the test stage. Experimental results on public datasets show that
our proposed method achieves good performances, especially, it outperforms the state-of-the-art
GAN-based methods for person Re-ID.

B PERSON RE-IDENTIFICATION (Re-ID) is an  the same person under different cameras by the
important application in security and intelligent ~ characteristics of the person’s body shape, appear-
surveillance system. Re-ID aims to search for ance, and pose. Initially, person Re-ID methods



mainly based on traditional algorithms, including
manually extract visual features and similarity
measures. Different from the traditional methods,
the deep learning method can automatically ex-
tract better features and learn better similarity
metrics, which significantly improves the perfor-
mance of Re-ID. However, persons in real scenes
are often obscured by moving targets or static
objects. Also, the distance from the person to
the camera is not fixed, which will cause low-
resolution objects and extensive scale variations.
Furthermore, a same person may have a large
deformation under different cameras when he is
in different postures. Different persons’ dress,
posture, body shape, and appearance may be very
similar. Thus, person Re-ID is still a hot issue
in recent years. Both the accuracy and speed are
needed to be further explored.

Representation learning [1], [2], [3] is the
most commonly used method of person recog-
nition because it is fast for training and easy
for convergence, which treats the recognition task
as a classification task or a verification task.
The methods based on representation learning
can cxtract features with discernment to separate
different persons, but they are not performing well
for a same person with large posture changes.
Specifically, when different persons wear similar
clothes, the similarity between these two persons
may be higher than the similarity of a same
person under different poses. The current popular
methods for solving such problems are the block-
based method and the align-based method. But
these methods perform less well to identify the
same person in different poses.

In order to reduce the influence of the pose
difference and body occlusion, generative ad-
versarial network (GAN) was employed in the
field of Re-ID. It is well known that the GAN
can be applied to generate various poses of a
person under the supervision of various pose-
related information. During the training process,
when GAN generates another pose according to
the features of the input image, the extracted
features are demanded to exist in different pose
images. So the extracted features of the GAN
network are robust for posture changes of a
person (pose-unrelated) at the test stage. [4], [5],
[6] applied GAN to generate new images as a
supplement of the training set, which failed to ex-

tract pose-unrelated features because they trained
GAN and recognition networks separately. The
FDGAN [7] pays attention to features extraction,
but its encoder adopts the siamese structure that
extracts the same features for the paired samples,
which fails to capture some discriminative detail
features.

In light of the above observations, we propose
a novel Part-based Nondirect Coupling Embed-
ded GAN (PGAN) method. Different from the
symmetrical structure (encoding and decoding
networks) of the previous GAN, we employ the
block-based representation learning network to
replace the encoder of the original generator. The
block features obtained by current methods may
be highly correlated and are not complementary
to each other during the test stage. For this, we
propose a Part-based Nondirect Coupling (PNC)
representation learning method, which calculates
the similarity of any two blocks and similarity
minimization. The proposed PNC is used as our
encoder of the GAN (o obtain more distinguish-
able features. Then, the image decoder can gen-
erate new person images based on the pose infor-
mation and the input person features. But the fake
images by existed image decoder have some prob-
lems such as lacking some necessary personal
details (e.g. color, outline, and logo). To solve
these problems, Bilinear interpolation and Decon-
volution methods (BD) are fused for upsampling
operations, and we employ SSIM loss to improve
the generated image quality. In the discriminator
stage, identity discriminator and pose discrimi-
nator are utilized [7]. The code is available at
https://github.com/IvyYZ/PGAN.

The contributions of this paper are as follows:

e A new Patial-based Nondirect Coupling (PNC)
representation learning method is developed,
which employs metric loss to minimize the fea-
ture similarity of different parts of an image. It
can not only obtain the distinguishing features
of different identities, but also provide richer
information to GAN such that the generated
images contain more details and to be more
real.

e A new decoder that combines the bilinear in-
terpolation feature maps and the deconvolution
feature maps is proposed, which can improve
the quality of the generated images.
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Figure 1. A schematic overview of PGAN Network. (a) The whole framework of PGAN. (b) The structure of
encoder. (c) The structure of decoder. (d) The structure of D,q4. () The structure of D,,q.

e Additionally, we improve our performance by
introducing the SSIM (the Structural Similarity
Index) loss [8] in the generator loss. It can not
only improve the convergence speed, but also
can generate a more realistic image.

e We propose a novel PGAN method by com-
bined the PNC representation learning network
with the improved GAN network. It can ex-
tract identity-related and pose-unrelated fea-
tures without additional computational com-
plexity in the testing phase.

The rest of this paper is organized as fol-
lows. In Section "RELATED WORK?”, we discuss
representation learning and GAN for person re-
identification. The idea, framework, and details of
the proposed PGAN are represented in Section
"PROPOSED METHOD”. In Section "EXPER-
IMENTAL RESULTS”, datasets and the experi-
mental results are presented. Section "CONCLU-
SION” concludes the paper.

RELATED WORK

With the development of deep learning, repre-
sentation learning has become a common strategy
for person Re-ID, which transfers the person Re-
ID task into a classification task or verification
task rather than computing the similarity of im-
ages. Instead of handcrafted features, Li er al.
[1] adopt CNN features for Re-ID, Kan et al.
[9], [10] fused handcrafted feature information
into CNNs for image retrieval and Re-ID. But
the features extracted by these methods are global
features, which lack discriminative detail features.
For this, some part-based representation methods
were proposed, [2] is based on human body re-
gion guided multi-stage feature decomposition. In
addition, HA-CNN [11] combined local features
and global features, PCB[2] and person alignment
[12] applied position alignment in Re-ID. These
methods effectively reduced the errors of similar-
ity matching. Although representation learning is
easy to convergence, the features extracted by the
existing block-based approach tend to have a high
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Figure 2. (a) Encoder. Comparison of feature extraction processes of PCB and our PNC methods. (b) The

main process of decoder.

correlation among different blocks. Also, it paid
more attentions to extract discriminative features
of different pedestrians without considering a
same pedestrian with large posture changes.

Generative adversarial network (GAN) has
gained great attentions in various fields, since
it was proposed in 2014. In the field of person
recognition, Zheng et al. [4] firstly used the
GAN network to generate persons to expand
the data set. Then Wei er al. [13] developed
a pose transferrable person Re-ID framework,
which utilizes the generated images as hard neg-
ative samples of the training set to enhance Re-
ID model. None of these methods focused on
extracting more discriminative features for person
recognition. PNGAN [13] includes a generator
and a discriminator, which merges the features
of the generated image with the original image
features for feature diversity, and it is time-
consuming during the testing phase. Although
FDGAN in [7] paid attention to extract features,
it fails to capture discriminative detail [eatures.
[14] proposed an asymmetrically GAN to make
the generated images of higher quality. Motivated
by these works, we combine the representation
learning and GAN to extract robust features for
person Re-ID. Different from FDGAN adopt the
siamese network as the encoder, we adopt our
proposed PNC representation learning method,
which can extract more different features. In
the decoder phase, instead of the deconvolution
method for upsampling operation in FDGAN, we
combine the bilinear interpolation method with
the deconvolution method to perform upsampling,

so that the generated images contain more details.

PROPOSED METHOD

In this paper, we propose a Part-based Nondi-
rect Coupling (PNC) representation learning
method, which adopts a novel Nondirect Cou-
pling Metric loss (NCM loss) to minimize the
similarity of any two blocks, such that extracted
block features are low correlation and more dis-
criminative. Then, in order to recognize the same
person in different poses, we embed the proposed
PNC network into the pose-related GAN network
(PGAN). As same as the GAN consists of three
modules, our PGAN has an encoder module, a
decoder module, and two discriminator modules
D, and D, 4. The overall framework is described
in Figure 1. Because the key issue of Re-ID is
extracting robust features under different poses
and backgrounds of a same person, we employ
the GAN structure in the training stage to train
the feature extraction network, i.e., the Encoder in
Figure 1, such that the encoder can learn intrinsic
features of a same person under different poses.
After the encoder is trained, the features extracted
by the encoder can be devoted to Re-ID. In Fig-
ure 1, the encoder and decoder modules consist
an image generator. The discriminator module is
responsible for distinguishing real ground-truth
images and fake generated images (appearance
and pose). In the testing stage, we only exploit the
encoder to extract the features without additional
computational cost. From Figure 1, we can see
that the extracted features in the encoder are not
only affected by the forward propagation of the



encoder, but also back propagations. Back prop-
agation in the encoder encourages the network
to extract discerning, rich features of different
images. Also, in the decoder and discriminators,
it serves the network to learn pose-unrelated
features.

Network Architecture

Encoder In this work, the proposed PNC rep-
resentation learning network is used as the en-
coder of the generator. It includes a basic network
and two losses, as shown in Figure 1(b). As
same as PCB network [2], it employs ResNet50
as the backbone network, the obtained three-
dimensional tensor is equally divided into six
blocks in the horizontal direction before the pool-
ing layer, as shown in Figure 2(a). For each block,
average pooling and an 1x1 convolution operation
are performed. After the above operations, we
can get a 256-dimensional column vector for each
block. It should be noted that during the testing
and GAN stages, the image [eatures are obtained
by concatenating the features of the six blocks.

But the block features obtained by the PCB
network tend to have a high correlation among
different blocks. So we propose the PNC repre-
sentation learning method, which can get partial
independent features by importing Nodirect Cou-
ple Metric (NCM) loss to constrain features of
each block. Specifically, we calculate the cosine
similarity between any two blocks of an image.
By constraining the similarity between two block
features, the network can learn different fea-
tures from different blocks. For the convenience
of comparison, we draw the feature extraction
schematic diagram of PCB and PNC together, as
shown in Figure 2(a).

The pose feature extraction network consists
of a 5-block Conv-BN-ReLU sub-network, as
shown in the purple part of Figure 2(b). Here,
Figure 2(b) illustrates the decoder network struc-
ture in detail, the left part represents the input
of the decoder network, the right part represents
the decoder network structure. The pose map is
represented by a map of 18 channels[7], which is
obtained by the OpenPose detection toolkit. Then
the pose map is encoded by a 5-block Conv-BN-
ReLU sub-network to obtain a 128-dimensional
pose feature vector.

In Figure 2(b), the input images are denoted

as X = {x;}.,, the target images are ¥ =
{yi}fvzl, and the generated images are represented
as Y = {y}}fil where N is the number of the
images. The pose map corresponding to the target
map is expressed as P = {pl}fil z represents
the noise. The concatenated image features, target
pose features, and an additional 256-dimensional
noise vector are concatenated as inputs of the
decoder.

Decoder As shown in Figure 2(b), the concate-
nated features are input into the decoder, which is
the process of upsampling. This process includes
four feature map layers, which obtained by com-
bined the deconvolution and the bilinear inter-
polation methods. Specifically, the deconvolution
module is encoded by a Relu-Transconv-Norm
sub-network (the upper part in the red dashed box
of Figure 2(b)). The bilinear interpolation module
is encoded by a Bilinear-Conv sub-network. Here,
an 1x1 convolution layer is added following the
bilinear interpolation layer to obtain a same chan-
nel number with the deconvolution module. In the
decoder, only two layers of bilinear interpolation
are added for fast convergence. In layer 1, only
the concatenated features are input. The output of
layer | is input into the deconvolution module of
layer 2. In layer 3 and layer 4, the inputs are the
feature map fusion of the Bilinear interpolation
and Deconvolution (BD) results.

In addition, we introduce the SSIM (the struc-
tural similarity index)[8] loss, which measures the
similarity between two feature vectors obtained
by the target image and the generated image.
SSIM evaluates images according to the fact that
the HVS (the human visual system) is sensitive
to changes in local structure. Also, it can mea-
sure the similarity according to the illumination,
contrast, and structure. This is very valuable for
generating a more realistic image.

Discriminator In the discriminant module,
two discriminant losses are used. One is the
identity discriminant loss, another is the pose
discriminant loss. Identity discriminant network
D, adopts the ResNet50 as a backbone network
to encode the input image, but it does not share
weights with the classification network. The net-
work structure of the identity discriminator is
shown in Figure 1(d). We set the label as true



if input and target are a same person and false
otherwise. According to these operations, the
distances among different poses of the same ID
can be reduced. Another discriminator is used to
determine if the generated map has the same pose
as the target, i.e., pose discriminant network D, .
The pose discriminator adopts the PatchGAN [7],
as shown in Figure 1(¢), where the confidence
map represents the matching degree between the
input image and pose map.

Loss Functions

In the encoder, the NCM loss and the cross-
entropy loss are adopted. The three-dimensional
tensor obtained from the input image x; is equally
divided into M blocks in the horizontal direc-
tion. In order to reduce the feature redundancy
among different blocks of an image, NCM loss
is proposed to ensure the features of each part
are independent. Specifically, we firstly use the
cosine distance to measure the similarity of any
two blocks, d..s = <||(f |)||| 3 ||> where f£ (f)

represents the s — th (t — fh) part features of
the 7+ — ¢h identity person separately. Then the
similarity is forced to approach a constant ¢ by
l; norm. The similarity loss of any two block
features is as follows:

<UD L
LA TIA

La= %ZZ

s=1 t=s+1

1

Here, C%, denotes the permutation and com-
bination. ¢ represents the constant, in this paper,
c=0.

In the training stage, the weight matrix w; of
0 — th embedding feature may be a zero matrix.
In order to avoid W be a zero matrix, we add a
regularization term for W, as follows:

2

M
T
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w? (with 1 < o < M) is the row vectors of
W. The NCM loss is described as follows:

an - Ld + /\wLweight (3)

The above objective function L,,. is a linear
function. The linear object is not iterable, so it
will not be added to the whole loss function.

The cross-entropy loss is computed in each
block according to the predicted ID (f ;) and real
label (I;) of each block. The average of the M
blocks’ losses is used as the classification loss of
the input z;. As shown in the following equation:

| Iplogls

L= Z -
+ (1= 1) log(1 = 1)) |

The main mission of the generator is to gen-
erate an image y; that is similar to the target
image ;. Thus we employ the reconstruction loss
and SSIM loss to constrain the decoder. Here
the reconstruction loss is used to minimize the
differences between the generated image y; and
the target image y;. It is described as follows:

“

Lo = 2 s = il ©

Here h, w represents the height and width of
the image ;.

In our model, the calculation formula of SSIM
is the same as [8]. The features is divided into ()
blocks. Thus the loss function for SSIM can be
defined as:

1
~ ZC; 1—-SSIM (q) (6
qe

L (Q) =

In the discriminator loss D,,, the adversarial
loss of the generated image ¢; (target image ;)
and the target pose map p; is described as follows:

Ly = Tg?ff( Ey.ez [log Dya ([pi, 9:])]
+Ey ey [IOg (1 — Dypq ([Pz', yz]))] ) )

where Y represents the real image distribution
and Z represents the gencrated image distribu-
tion.

In the discriminator D,;, the adversarial loss
of the generated image y; (target image y;) and
the input image x; is as follows:

(7

Ly =max ( Ey,ez [log Dig ([z4,9i])]
+ Eyev [log (1 — Diq ([xi,vi]))] )

®)



The whole loss function is:

L=1L,+ XNeLye + AsLg + NiaLig + ApaLpa
(C))

Here, M., Assims Nid» Apa represent the
weights of the loss functions. In our model, we
set >\re =100, )\ssi'rn =10, Aid =10, )‘pd =10,
Aw = 0.01.

EXPERIMENTAL RESULTS

Comparison With the State-of-the-Art Methods

We performed the experiment on one 1080Ti
GPU and PyTorch 0.3.1 platform. Two evaluation
metrics are used to measure our proposed method.
The first one is top-1, top-5 and top-10 of CMC
accuracy. Another one is mean Average Precision
(mAP) to perform the evaluation on Market1501
[15], DukeMTMC-reID [16] and CUHKO3 [1]
datasets.

For the three public datasets, the proposed
method is compared with 5 existing non-GAN
methods and 6 state-of-the-art GAN-based meth-
ods. For Market-1501 dataset, as shown in Ta-
ble. 1, our method achieves the top-1 accuracy of
93.0% and mAP of 79.8%, which outperforms
[7] with 2.1% and 2.5% for mAP and top-1,
respectively. With the re-ranking scheme, our pro-
posed PGAN obtains the top-1 accuracy of 94.0%
and mAP of 88.3%. In addition, we conducted a
multi-query test, as shown in Table. 2, and we get
Topl accuracy as 98.9% and 88.9% mAP. It is
much better than the other methods.

On the DukeMTMC-relD dataset, our PGAN
obtains mAP of 66.3%, which outperforms the
other methods. With the re-ranking scheme, our
PGAN method outperforms the state-of-the-art
methods by a large margin, where improving the
top-1 accuracy from 80.5% to 82.6% compared
with [11] and mAP from 64.5% to 75.6% com-
pared with [7].

For the CUHKO3 dataset, our top-1 accuracy
is better than other methods. But we get 88.6%
mAP, which is slightly lower than [7]. After
re-ranking, the mAP and top-1 obtained by the
proposed PGAN are all improved significantly.
Our method achieves the top-1 accuracy of 96.9%
and mAP of 96.0%. The outstanding performance
demonstrates the importance of the combina-

tion of pose-unrelated representation method with
GAN method.

Compare images generated with different
methods

Similar to the FDGAN network [7], our pro-
posed PGAN, is more concerned with the char-
acteristics of the person itself, with less attention
to the background, so the background of the
generated image looks vaguer. As shown above
the dashed line in Figure 3, we have listed the
generated maps of four persons, which are de-
noted as (a) (b) (c) (d). Each person contains
three different poses. In Figure 3(a), we can sce
that the color of the images generated by our
method (the fourth line) is better than FDGAN
(the third line), especially for the first images in
the third and fourth lines. Also, in Figure 3(c),
we can see that the bag in the images generated
by our method is much better than FDGAN. The
images generated by our method have a clear
strap. In general, the images generated by our
method contain more details and the overall shape
of the person is more complete (the arms and legs
in Figure 3(b)-(d)). The generated images further
verify that the features extracted by our PGAN
method are discriminative. In addition, we show
some failure cases, as shown below the dashed
line in Figure 3. In these cases, our model ignores
some necessary details of persons because it pays
too much attention to the background.

Rank results

In this section, we list some person retrieval
samples in Figure 4. The first image of each row
is the query image and other images are “Topl
to Top10” in the rank list. It can be seen that
the accuracy is obviously improved by the PGAN
method. In Figure 4, for the (a), (b) and (c),
the topl0 images include some wrong images
(red box). It can be seen that the red boxes in
the results of our PGAN is less than the others.
In addition, even the wrong matching images
are also very similar to the query image, they
obtained by our method are ranked at the end of
the row. It shows that our method is very effective
in reducing the similar distances of different
poses of the same person and sorting the correct
images forward. In Figure 4(d), the images rank
from topl to toplO are completely correct, and



Table 1. Performance comparison with the state-of-the-art methods on three public datasets. The CMC scores (%) at

Rank 1 and mAP (%) are reported.

Methods Market1501 DukeMTMC CUHKO3
mAP  top-1 mAP top-I mAP top-1
BoW+kissme[15] 20.8 44.4 12.2 25.1 6.4 6.4
MSCAN[17] 57.5 80.3 - - - 74.2
PAN[12] 63.4 82.8 51.5 71.6 34.0 36.3
MaskRe-ID[3] 75.3 90.0 61.9 78.9 - 88.8
HA-CNN[11] 75.7 91.2 63.8 80.5 44 4 41.0
DeformGAN[18] 61.3 80.6 - - - -
LSRO[4] 66.1 84.0 58.6 76.8 77.4 73.1
Multi-pseudo[6] 67.5 85.8 58.6 76.8 87.5 85.4
Pose-transfer[5] 68.9 87.7 56.9 78.5 30.5 33.8
PNGAN[13] 72.6 89.4 53.2 73.6 - 79.8
FDGAN]7] 71.7 90.5 64.5 80.0 91.3 92.6
Our method (PGAN) 79.8 93.0 66.3 80.4 88.6 93.0
Our method (PGAN-+re-rank) 88.3 94.0 75.6 82.6 96.0 96.9

Table 2. Multiple query results are reported on Market-
1501 dataset. The CMC scores (%) at Rank 1 and mAP
(%) are reported.

Methods mAP  top-1
MSCAN][17] 66.7 86.8
MaskRe-ID[3] 82.3 93.3
HA-CNNJ[11] 82.8 93.8
LSRO[4] 68.5 85.1
Multi-pseudo|6] 77.9 89.9
PNGAN]13] 80.2 92.9
Our method (PGAN) 88.9 98.9

Table 3. Component analysis of the proposed PGAN on
Market-1501 dataset. The CMC scores (%) at Rank 1, 5,
10 are reported.

Methods mAP  top-1  top-5  top-10
PCBI[2] 77.3 92.4 97.0 97.9

PNC 74.3 91.1 96.6 97.8

PNC+GAN | 78.6 924 97.3 98.4

PNC+GAN

+Bilinear 79.4 92.8 97.3 98.1

PNC+GAN

+Bilinear

+SSIM 79.8 93.0 97.4 98.4

the error rates of other methods are very high,
which further illustrates the effectiveness of our
proposed PGAN method.

Ablation study

In this work, we conduct a series of experi-
ments on the Market-1501 dataset. After training
the PNC classification network, we obtain 74.3%
mAP, and the accuracy of top-1, top-5, top-10 is

91.1%, 96.6%, and 97.8% respectively, as shown
in Table 3. The accuracy of the top-1 and mAP
of PNC is lower than the PCB. Note that, we do
not add data alignment here. After training a lot
of group parameters, the PNC results were still
lower than [2]. There are two main reasons, one is
related to the initialization of different versions of
PyTorch. Another reason is that features extracted
by PNC may contain more background due to the
feature-independent constraints. After combining
with the GAN network, we got better results
comparing with PNC and PCB. This is because,
during the training process of GAN, the network
pays more attentions to the characteristics of
pedestrians, which will filter out most of the back-
ground information. Furthermore, we conduct an
experimental comparison of ecach improvement
in PGAN, as shown in Table 3. Compared with
PNC, the top-1 accuracy and mAP of PNC+GAN
were significantly improved. Also, it is better than
PCB. After imposing the bilinear interpolation
method, the mAP and accuracy are continuously
increasing. Besides, we also add SSIM loss in
the training stage. The bottom line of Table 3
shows the effectiveness of the SSIM loss, we get
79.8% mAP and 93.0% top-1 accuracy. In our
experiment, the SSIM loss is positively correlated
with the classification loss, which means that the
more accurate the classification, the better the
quality of the generated image.
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Figure 3. Generated person samples. Images above the dashed line are some success cases, generated
images by our proposed PGAN (the bottom row) on Market-1501 and comparing with FDGAN (the third row),
input images (the first row), and ground-truth images (the second row). Below the dashed line are some failure
cases, each person contains an input image, a target image, and a generated image.lt can be seen from the
last image of (e)-(g) that the generated images lack of details of the persons such as the bag shape and color,

the arms, face or the logo on the cloth.

CONCLUSIONS

In this paper, we proposed a novel Part-
based Nondirect Coupling (PNC) representation
learning method to get richer features than some
common block-based approach for generator. We
also proposed a novel PGAN network by embed-
ding the PNC representation learning method into
the improved pose-related GAN network. The
extracted features can distinguish different images

and identify the same persons without additional
computational complexity in the testing phase.
Experiments on three benchmarks demonstrated
that our proposed method achieved good perfor-
mances. Especially, it outperformed the state-of-
the-art GAN-based methods for person Re-ID.
The generated new pose images also include more
detail information and higher quality than the
existing GAN-based Re-ID methods.



Figure 4. Person retrieval samples. For each query, the 1st to 4th row are the results of PCB, PNC, FDGAN
and our PGAN, respectively. The first image of each row is the query image and other images are "Top1 to
Top10” in the rank list. The green (red) boxes denote the positive (negative) images with the query images.
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