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ABSTRACT 
 
Pedestrian re-identification (re-ID) is a computer vision technology to recognize 
an individual in non-overlapping multi-camera scenes. However, this process 
suffers from misalignment due to the influence of dramatic changes in person 
poses and views, and background interference. To address this issue, we focus on 
the discriminative feature representations by proposing a Segmentation-based 
Human Alignment Network, named SegHAN. It is exploited based on the 
segmentation of human body to alleviate the misalignment issue, which not only 
guarantees the robustness to pedestrian spatial locations, but also reduces 
background interference. In addition, a Frequency Weighting Re-ranking model 
(FWR) is designed to further enhance the performance of the proposed SegHAN. 
In this process, the frequency information obtained from the construction of 
similarity set is considered into the re-ranking model, which ranks the related 
images with high frequency in front. Experiments show that the proposed SegHAN 
and re-ranking model are beneficial to enhance re-ID performance and they both 
achieve a competitive performance when compared with state-of-the-art methods 
on three challenging re-ID datasets. 
 
Key words: Person re-identification, person alignment, human segmentation,  
re-ranking. 

 
 
INTRODUCTION 
 
Given a target person captured by one view, person re-
identification (re-ID) refers to the task of identifying the 
targeted pedestrian from a set of persons taken from other 
cameras. It has attracted extensive attention in recent years 
due to many emerging applications in intelligent multi-
camera tracking and human retrieval (Li et al., 2014). 
However, it still remains an unsolved problem due to several 
complicated factors such as the variation of light, pede-
strian poses and background changes, etc. 

Among these unfavorable factors, misalignment is one of 
the critical factors, which usually happens under two 
situations. One is the change of pedestrian posture, such as 
walking and riding; the other is the inaccuracy of pede-
strian detection, which usually results in body part missing 
and extra background. 

For   example,   due   to   the   change  of  body  posture,  the 

misalignment between the human parts (e.g., arms, torso) 
and other background (e.g., ground, bicycle) occurs, as 
shown in Figure 1(a). On the other side, in Figure 1(b), the 
inaccuracy of pedestrian detection brings images contain-
ning a large amount of backgrounds, which will also result 
in misalignment in the re- ID process. 

To address the misalignment issue, many methods utilize 
the local regions by dividing the person image into several 
horizontal stripes or patches, and match the corresponding 
parts to jointly handle misalignment (Li et al., 2014; Zhao et 
al., 2017). Other attempts employ (Su et al., 2017; Saquib et 
al., 2018; Zheng et al., 2017) the key points of human body 
to locate the body parts and further achieve division and 
part alignment, such as Pose-driven CNN (Su et al., 2017), 
Pose-Sensitive Embedding (Saquib et al., 2018) and Pose 
Invariant Embedding (Zheng et al., 2017). Although the two  
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Figure 1: Examples of misalignment in person re-ID. Images in each column belong to the 
same person. 

 
 
group methods have achieved performance improvements, 
in real cases, due to the pose variations and the difference 
of pedestrian spatial locations in images, these dividing 
strategies (e.g. horizontal stripes or based on pose points) 
are not well aligned with human body parts. On the one 
hand, the dividing of human body parts is rough, and 
cannot accurately obtain the boundary of human body. On 
the other hand, it is prone to misalign in the case of images 
containing a large number of backgrounds. 

To alleviate the person misalignment, this study 
proposes a novel segmentation-based human alignment 
network (SegHAN), as shown in Figure 2. We divide the 
segmented human body into multiple stripes to construct 
the human alignment network and adopt a weighting 
fusion strategy to fuse local alignment features to obtain a 
discriminative person representation. It is not only robust 
to pedestrian pose changes and spatial locations, but also 
reduces background interference effectively. Furthermore, 
to further improve the performance of SegHAN, a new 
unsupervised Frequency Weighting Re-ranking (FWR) 
model is proposed, which added the frequency information 
obtained from the construction of similarity set into the re-
ranking model. By this way, the related images with high 
frequency will be ranked in front of list. The main 
contributions can be summarized as follows: 
 
1). A segmentation-based SegHAN is presented to obtain a 
discriminative person representation by weighting the 
extracted local alignment features. In this process, a 
proportion dividing idea is adopted to obtain local parts, 
which enhances the integrity of local parts and improve the 
effectiveness of part alignment. 

2). To enhance the effectiveness of human body 
segmentation, a pedestrian segmentation method is 
developed by embedding Transition Unit (T-Uint) into the 
RefineNet, which is called TU-RefineNet in this study. 
3). A frequency weighting re-ranking model FWR is 
proposed to further develop the performance of SegHAN as 
final re-ID results. 
 
Extensive experiments are carried out on three large-scale 
person re-ID datasets (Srikrishna et al., 2019) (Market-
1501, CUHK03 and DukeMTMC-reID), which proves the 
effectiveness of the proposed SegHAN method and re- 
ranking model. 

The rest of this study is organized as follows: reviews and 
discussion of related works; illustration of the proposed 
SegHAN and FWR in detail, respectively; Experimental 
results and comparisons of three large-scale person re-ID 
datasets; and conclusion of the study. 
 
 
RELATED WORK 
 
Re-ID using Convolutional Neural Networks (CNN): 
With the rapid development of deep learning, 
Convolutional Neural Networks (CNN)-based methods are 
the mainstream for addressing person re-ID. For example, 
Chen et al. (2017) constructed a CNN net- work to 
construct a multi-scale person descriptor for person re-ID. 
Su et al. (2016) extracted human semantic attributes to 
realize the description of pedestrians by proposing semi-
supervised network. These features are extracted from the 
whole   image   without taking  partition  operations,  which  
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Figure 2: Architecture of the proposed SegHAN network. 

 
 
makes it hard to focus on each body part accurately. In 
other words, these features may not be enough to capture 
local features. 

To extract part-level features, some attempts resort to 
local information by dividing person images into several 
parts. For instance, Li et al. (2014) proposed a Filter Pairing 
Neural Network (FPNN) to split person image into multiple 
parts and aligned images by extracting corresponding local 
features. Cheng et al. (2016) divided the convolution 
feature into multiple stripes and fused them into a global 
feature to describe persons. The results show that these 
methods are robust to some simple location variance, e.g., 
position and scale. However, as the search scope is limited, 
these methods fail to find the aligned structures when 
misdetection occurs, and there is a high risk of part 
misalignment. 

To address this issue, some methods considered the 
utilization of region information (Yao et al., 2019; Zheng et 
al., 2018; Reyes-Ortiz and Bravo, 2018).  Zhao et al. (2017) 
utilized a CNN network to locate human part regions, and 
then fused the response maps on the basis of the structural 
relations of human body at different stages, finally the fused 
feature is used to represent the person. Yao et al. (2019) 
employed the coordinates of max activations on 
convolution maps to produce the interest regions. However, 
the alignment will be deteriorated when there is occlusion 
for the pedestrian. To this end, some methods focus on the 
exploitation of deep attention mechanism (Zhao et al., 
2017; Zheng et al., 2018; Reyes-Ortiz and Bravo, 2018). For 
example, Zhao et al. (2017) employed the attention 
mechanism into CNN network and allowed the model to 
decide where to focus adaptively. Zheng et al. (2018) 
introduced a pedestrian alignment network based on 
attention mechanism to adaptively locate and align 
pedestrians within a bounding box. 

Meanwhile,   there   is   a   trend   to  take  advantage  of  key 

points of human body for pedestrian partition for 
alleviating the misalignment issue (Zheng et al., 2017; Wei 
et al., 2017). For example, pose invariant embedding 
reduces the influence of pose variation by aligning 
pedestrians to a standard pose (Zheng et al., 2017). Wei et 
al. (2017) proposed a global-local-alignment descriptor to 
detect the key pose points and extracted the local features 
from corresponding parts. However, the potential gap 
between datasets for person re-ID and pose estimation is 
still an obstacle when directly employing these pose 
estimation methods in a ready-made manner. 

Our method is related to, but different from the previous 
methods (that is, dividing parts/key points (Su et al., 2017; 
Zheng et al., 2017; Wei et al., 2017)). The relation lies in 
adopting partition pedestrian image to achieve human 
alignment. The difference is that we propose a 
segmentation strategy to obtain the human body and adopt 
a proportion dividing way to acquire the local alignment 
parts. This strategy can not only achieve effective alignment 
for corresponding body parts, but also realize the 
separation between the human body and the background. 
 
Re-ranking: Some methods also regard person re- ID as a 
retrieval problem, which adopt a re-ranking strategy to 
optimize the initial lists obtaining a higher rank for the 
target person. For instance, Zheng et al. (2017) proposed a 
k-reciprocal encoding model to extract human features and 
adopted the Jaccard distance to re-rank the initial list. 
Saquib et al. (2018) presented a cross distance to produce 
new rank lists by employing the expanded neighbors set. 
Apart from above methods adopting re-ranking the initial 
list idea, some methods also employed k nearest neighbors 
(kNN) to construct a similarity set, then utilized the 
proposed model to re-rank the images in the similarity set 
(Li et al., 2012; Ye et al., 2015; Geng et al., 2019). Li et al. 
(2012) proposed a re-ranking model based  on  the  relative  

 



 
 
 
 
information of kNN of each image to improve re-ID 
performance. Ye et al. (2015) combined the kNN of global 
and local features as new queries and revised the initial 
ranking list by aggregating these into new ranking lists. 

In this study, we also employed the k nearest neighbors to 
construct re-ranking model. However, we further consider 
the frequency information into re-ranking model, which can 
rank the related images with high frequency in front. 
Experimental results demonstrate that the frequency 
information is helpful in improving the re-ID performance. 

 
 
OUR PROPOSED SegHAN APPROACH 
 
The proposed SegHAN mainly includes three components, 
as shown in Figure 2: 
 

i). A segmentation strategy is adopted to eliminate the 
interference of the background. In this process, a 
pedestrian segmentation approach TU-RefineNet is 
proposed by embedding Transition Unit (T-Uint) into the 
RefineNet (Lin et al., 2017). 
ii). Based on segmentation results, the local alignment 
comparison of the corresponding human part is realized 
via the Human Alignment Network. 
iii). A weighting fusion strategy is developed to fuse the 
extracted alignment features for enhancing the robustness 
of person representations. 
 
 

 Pedestrian segmentation with TU-RefineNet 
 

Our goal is to segment the human body for alignment 
networks. However, there are difficulties for human body 
segmentation on person re-ID datasets: On the one hand, 
since the person re-ID datasets have no semantic 
segmentation labels, it’s hard to train the segmentation 
network directly on them. On the other hand, the 
segmentation model trained on non-person re-ID datasets, 
e.g., person parts dataset, cannot realize ideal results when 
segmenting person re-ID datasets directly(Detailed results 
are shown in the experiment section). 

The main reason for this undesirable effect is that the 
person images in benchmark datasets have low resolution 
(small size), which makes the segmentation target be too 
small and many detailed features are insufficient. However, 
since persons in the re-ID dataset have been clipped, and 
they account for the majority region in the images, an 
amplification operation makes the person target larger and 
the influence of enlarged background on segmentation is 
confined. Based on this idea, a T-Unit is embedded into the 
pre-trained RefineNet (trained on person parts dataset (Lin 
et al., 2017)) to construct the proposed TU-RefineNet as 
shown in Figure 3, in which the T-Unit is constructed by a 
bilinear interpolation algorithm. 

Specifically, we define the interpolation pixel value (𝑚, 𝑛) 
as: 

 
 

Where 𝜃1 = 𝑚2 − 𝑚; 𝜃2 = 𝑚 − 𝑚1; 𝜃3 = 𝑛2 −𝑛; 𝜃4 = 𝑛 − 𝑛1; 𝑄11 
= (𝑚1, 𝑛1), 𝑄12 = (𝑚1, 𝑛2), 
𝑄21 = (𝑚2, 𝑛1), 𝑄22 = (𝑚2, 𝑛2) denote the four nearest 
neighbors of the interpolation coordinates (m, n). The 
scaling factor is empirical set as 2. 

The output of TU-RefineNet is a pre-defined human body 
label, corresponding to the human body. Experimental 
results show that the segmentation performance of TU-
RefineNet is effective. 
 
 

 Human alignment network 
 
The common methods are to directly divide the image into 
multiple average horizontal regions to obtain local 
alignment part. However, due to the different sizes and 
positions of various body parts, the alignment effect may be 
discounted. On the contrary, this study applies a proportion 
dividing method into the segmented human body to obtain 
multiple local alignment parts instead of directly dividing 
the original image into average stripes, which can enhance 
the integrity of local parts and improve the effectiveness of 
part alignment. 

Specifically, we analyzed the area ratio of human body 
parts (Chan et al., 2015) and found that region area ratio of 
head region: upper body region: leg region is about 1:3:3. If 
human body is directly divided into multiple average 
stripes, it will not only damage the integrity of human local 
features, but also may be influenced by some small similar 
local features. Therefore, in our works, the segmented 
human image is divided into three horizontal stripes in a 
fixed proportion (1:3:3) to obtain the local alignment parts. 
Furthermore, considering that the proportion dividing 
strategy may be influenced by some unusual situations, 
such as huge posture changes, stoops, we add the whole 
segmented human body into the alignment network as an 
alignment part to improve the robustness of handling 
complex occasions. In addition, because the pedestrian 
detection maybe inaccurate, e.g. Location out of the middle 
and extra background, resulting in misalignment of 
pedestrians. To this end, before the dividing, we cut out and 
adjust the size of the segmentation result to achieve the 
human body alignment preliminarily. 

Then, each local part is used to construct the 
corresponding sub-branch to extract the local alignment 
features. In each sub-branch, ResNet50 is employed as the 
Backbone Network and the weight between each subbranch 
is not shared. It is noticeable that the input of each sub-
branch is not only the RGB image after dividing, but also 
includes a confidence feature from the segmentation 
network to increase the reliability of the segmentation 
effect. The size of each input in sub-branch is set as 
256×128×(3+1). When the input goes through the 
corresponding       sub-branch     (Backbone     Net-work),   it  



 
 
 
 

 
 
Figure 3: Diagram of TU-RefineNet in which RB denotes Refine Block. 

 
 
becomes a local feature vector (1×1×2048), which is 
defined as the extracted local alignment features. During 
training, we add an FC layer to adjust the output of size 
1×1×2048 to 1×1×751 on each sub-branch (There are K = 
751 identities in the Market-1501) unnormalized 
probabilities. The softmax function is used to convert the 
predicted value 𝑎𝑘 of each class into [0, 1]: 
 

                                                  (2) 
 
where K denotes the number of class (person ID). The 
cross entropy is employed to compute minimum 
𝑙𝑜𝑠𝑠𝑖 of each sub-branch. 
 

              (3) 
 
where x denotes the input. i =1,2,3,4, which corresponds 
the four sub-branches, respectively. Given the label y, the 
ground-truth distribution (𝑦|𝑥) = 1 and (𝑘|𝑥)=0 for all 𝑘 ≠y. 
 
 

 The weighting fusion of local alignment features 
 
To reflect the importance of different parts and in- crease 
the discriminative capability in the re-ID process, a 
weighting fusion method is developed to in- crease the 
robustness of person representation. 

In this process, four (1 × 1) weighting convolution 
kernels are utilized to weight the extracted alignment 
features 𝑝𝑖 (i=1,2,3,4). Then a GAP layer is adopted to 
reduce the dimension of weighted alignment features 𝑝𝑤𝑖 to 
1×1×2048. 

Considering that a single linear weight layer might cause 
excessive response on some specific dimensions of the 
region vector, we add a nonlinear function to equalize the 
response of region feature vector. 

The weighted features 𝑝𝑤𝑖 representation is: 
 
  = tanh(𝑝𝑖⨀𝐖𝑖 + 𝐵𝑖) , (4) 
 
𝐖𝑖 is the weight and 𝐵𝑖 denotes bias vectors, which has the 
same dimensions with 𝑝𝑖 (i=1,2,3,4). The ⨀ denotes the 
Hadamard product of two vectors. 

Similarly, during training, softmax function is utilized to 
normalize the predicted value of each class into [0, 1]. The 
cross entropy is employed to compute minimum the sum 
of all the 𝑙𝑜𝑠𝑠𝑖 which is defined as 𝑙𝑜𝑠𝑠𝑠𝑢𝑚: 
 

           (5) 
 

where x denotes the input. y is the label of person. 
If k=y, (𝑦|𝑥) = 1 else (𝑘|𝑥)=0. 

The combined 𝑝𝑤𝑖 is our extracted person 
representation, on which the similarity measure is lever- 
aged to achieve person re-identification. 
 
 
FREQUENCY WEIGHTING RE-RANKING 
 
Re-ranking has become an important method to further 
improve performance in the field of person re-ID, which can 
make the relative images ranked in front by reordering the 
images in the similarity set. Common similar set is 
composed of k-nearest neighbors (Paolanti et al., 2018) of 
targets and the k nearest neighbors of images which belong 
to the kNN of targets. 

In the process of constructing the similarity set, the 
frequency of appearance of each image is an important 
information for person re-ID. Figure 4(a-c) shows the 
relationship between the frequency of appearance of each 
image and the probability of being the correct tar- gets on 
the three dataset. The higher frequency the image is, the 
greater the probability of being the correct target is. If 
images   with  high  frequency  can  be ranked in front, there  

 

 
 



 
 
 
 

 
 
Figure 4 (a-c): The relationship between frequency of appearance of each image and the 
probability of being the target. (d) The fitted curve of frequency weight on the Market1501. 

 
 
will be an active effect on the re-ID performance. Based on 
it, a frequency-based re-ranking method FWR is built to 
further improve the re-ID performance of SegHAN. 

Specifically, given a target person p and a gallery set G = { 
|𝑖 = 1,2,… , 𝑁 }, where N denotes the number of the gallery 
set. The initial list can be obtained by computing the 
Euclidean distance between p and each image in the gallery 
set. The similarity set of target person p is defined as: 
 
(𝑝, 𝑠) = {(𝑝, 𝑘), (𝑘, 𝑞)} ,               (6)  
 
where 𝑁(𝑝, 𝑘) = {ℎ𝑖|𝑖 = 1,2,… K} denotes the kNN of the 
target person p, which are the top K images in the initial list. 
(𝑘, 𝑞) is the top 𝑞 neighbors of each of the elements in the 
set (𝑝, 𝑘). To reduce the complexity of the method, the 
values of the 𝑘 and 𝑞 are equal (Zhong et al., 2017). 
Therefore, the total number of images in the similarity set 
(𝑝, 𝑠) is 𝑆 = 𝑘 + 𝑘 × 𝑘. In this process, the appearance 
frequency of each image is counted as 𝑓𝑖, 𝑖 = 1,2,3 … , 𝑆. 

The frequency weighting in re-ranking can be calculated 
by employing the Gaussian function as: 
 

                                                                (7) 
 

K denotes the number of nearest neighbors. 𝜇 and 𝜎 are 
constant terms, where 𝜎 is set as 1. The value of 𝜇 is 
specified in the experimental section. Figure 4 (d) shows 
the fitted  curve  of  frequency  weight  on  the  Market1501, 

which implies the relationship between the frequency of 
appearance of each image and the weight of corresponding 
image. 

Finally the frequency-based weighting distance of an 
image pair (𝑝, 𝑠𝑖) is defined as: 
 

𝑑∗(𝑝, 𝑠𝑖) = 𝑤𝑖𝑑(𝑝, 𝑠𝑖),               (8) 
 
where 𝑑(∙) denotes the Euclidean distance. 𝑖 = 1,2,3 … , 𝑆. 
The finally result of person re-ID can be obtained by 

ranking the distance 𝑑∗(𝑝, 𝑠𝑖). 
 
 
EXPERIMENTS 
 

 Datasets and experimental setting 
 
The proposed method is evaluated on three public re-ID 
datasets, that is, Market-1501, CUHK03 and DukeMTMC-
reID. These three datasets reflect elements that influence 
person re-ID in real world, such as perspectives, variation 
of light, poses of pedestrian, occasions and so on. 

CUHK03 consists of 14,097 cropped images from 1,467 
identities. For each identity, images are captured from two 
cameras and there are about 5 images for each view. Two 
ways are used to produce the cropped images, that is, 
human annotation and detection by de- formable part 
model DPM (Paolanti et al., 2018). 



 
 
 
 

 
 
Figure 5: The sensitivity analysis of K and 𝝁 on three datasets. 

 
 

Market-1501 contains 32,668 images from 1,501 
identities, and each image is annotated with a bounding box 
detected by DPM. Each identity is captured by at most six 
cameras. 

DukeMTMC-reID(Duke) contains 16,522 training 
images of 702 identities, 2,228 query images of the other 
702 identities and 17,661 gallery images, which includes 
lots of pose changes and occlusions. 

Our experiments followed the evaluation protocol used 
by Zhao et al. (2017). Half of the samples are selected for 
training at random, and the rest are used for testing. In 
addition, the testing set is divided into a gallery set and a 
probe set with no overlap between them. Especially for 
CUHK03 dataset, the probe set is mainstream set as 100 
samples (Zhao et al., 2017; Saquib et al., 2018). In 
evaluation, the widely used cumulative match curve (CMC) 
and mean average precision (mAP) are adopted (Zheng et 
al., 2018) to evaluate the performance. To reduce the bias, 
10 trials of evaluation are repeated to achieve stable 
statistics, and the average result is reported. 

  
  
 Parameter setting 

 
Parameter μ and the number of nearest neighbors K are 
crucial in our FWR model. To investigate the influence of μ 
and K impartially, we observe the performance change of 
R1 in our method on the three datasets by varying μ and K 
simultaneously. Specifically, the value of μ is chosen from 
the set {1.1, 1.2, 1.3, 1.4, 1.5, 1.6, 1.7, 1.8} on the three 
datasets,    and  K    is   increased   from   12  to   19   on    the 

Market1501 and Duke datasets and the value of K is from 5 
to 12 on CUHK03 dataset. 

As shown in Figure 5, our method owns good 
performance on CUHK03 datasets when   = 1.4 and K = 8. 
On the Market1501 and Duke datasets, a high matching 
rate of R1 can be observed when 𝜇 = 1.5 and K = 15 or 16. It 
is noticeable, the value of K on the CUHK03 is about half 
than that of value on Duke and Market1501. The main 
reason is that the number of images per pedestrian is 
different on the three datasets, which can be reflected by 
the parameter K. Specifically, there are about 5 images per 
pedestrian in CUHK03, while the numbers on Duke and 
Mar- ket1501 datasets are about 15-20. To maximize the 
performance of our re-ranking model, 𝜇 and K are set as 1.5 
and 16, respectively on Market1501 and Duke datasets. As 
for the CUHK03 dataset, 𝜇 = 1.4 and K = 8. 
 
 

 Evaluation 
 

 The impact of TU-RefineNet 
 
The proposed TU-RefineNet is to make the trained 
segmentation net on the person part dataset transit to the 
re-ID dataset to conduct segmentation. To verify its 
effectiveness, we tested its performance on three re- ID 
datasets. As re-ID datasets have no semantic segmentation 
labels, the performance of the proposed TU-RefineNet 
cannot be evaluated directly with the score of IoU. 
However, it can still be evaluated by visual observation. 

Results (Figure 6) show  that  our  TU-RefineNet  performs  

 
 

  
 

 

 



 
 
 
 

 
 
Figure 6: Segmentation results. (a) shows the original image; (b) and (c) show the segmentation 
effectiveness of RefineNet and TU-RefineNet on person re-ID dataset, respectively. 

 
 
well on person images with complex backgrounds. As 
compared with the RefineNet, the human body 
segmentation performance of our TU-RefineNet has been 
greatly improved, which not only include the rich details of 
human body but also contain less extra noise. These results 
imply that the T-Uint is beneficial for segmenting person 
body and also provides a strong guarantee for the 
subsequent alignment network. 
 
 

 The impact of SegHAN 
 
To evaluate the effectiveness of SegHAN, we evaluated 
itself as well as its relative networks (Basic net and 
SegHAN without weighting fusion SegHAN-W) on the three 
datasets (Shown as Figure 7). 

The results show that on Market 1501 dataset, the 
performance of SegHAN is 92.3% (R1) and 76.1%(mAP), 
which increases by 1.3 and 1.9% as compared with the 
performance of SegHAN-W, respectively. Similarly, on Duke 
and CUHK03 datasets, the performance of our SegHAN on 
R1 achieves 81.8 and 87.2%, which also raises by 2 and 
1.9% on the two datasets, respectively when compared 
with SegHAN-W. All these improvements demonstrate that 
our weight fusion strategy is powerful to reflect the 
importance of local alignment features which can well 
improve the robustness of features. 

Furthermore, as compared with the Basic net (Res- 
Net50), the large margin performance (our SegHAN-W) 
improvements on R1 occur in the Market1501 data set 
(+7.5%) and CUHK03(D) (+7.9%). The reason is that the 
pedestrians in the two datasets are automatically detected 
by a pedestrian detector, which inevitably includes 
inaccurate detection points, for instance, a large number of 
backgrounds. Therefore, there are more misalignments in 
the detected boxes. These performance improvements also 
prove the effectiveness of SegHAN for alleviating 
misalignment problem. 
 
 

 The impact of FWR 
 
To analyze the contribution of FWR to the performance, we 
evaluate the SegHAN on the three datasets at first, then add 
the FWR to the SegHAN for the test (SegHAN+ FWR). In 
addition, the mainstream re-ranking model reK (Zhong et 
al., 2017) is also added on our SegHAN as a competitive 
method for testing on the three datasets. The detailed 
results are shown in Table 1 

Specifically, on Market1501 dataset, the performance of 
SegHAN+ FWR on R1 is 94.1%, which is raised by 1.8% 
when compared with the performance of SegHAN and the 
corresponding performance on mAP is also improved by 
10.7%. Furthermore,  the  performance of   our  advantages  

 



 
 
 
 

 
 
Figure 7: The evaluations of different models on the three datasets. 

 
 

Table 1: Performance comparisons among three methods. The best performance is marked in bold. 
 

Method 
Market Duke CUHK03(D) CUHK03 (L) 

R1 mAP R1 mAP R1 R10 R1 R10 

SegHAN 92.3 76.1 81.8 64.3 87.1 99.3 88.3 99.6 

SegHAN+reK 93.6 85.7 85.3 80.2 88.4 98.7 89.2 98.8 

SegHAN+ FWR 94.1 86.8 86.0 81.6 88.7 98.7 90.1 98.5 

 
 
still exists when compared with SegHAN+reK. 

For instance, the performance of our SegHAN+ FWR is 0.5 
and 0.9% higher than that of SegHAN+reK on R1 and mAP, 
respectively. The reason is that FWR does not only makes 
more similarity images ranked in front by computing the k-
nearest neighbors, but also considers the frequency 
information into the re-ranking model, which is helpful for 
enhancing the performance. Similar improvements also can 
be found on CUHK03 and Duke datasets. All these results 
demonstrate that the FWR is effective to enhance the 
probability of acquiring the potential correct targets. 
 
 

 Comparison with state-of-the-art methods 
 
To demonstrate the effectiveness of our method, we 
compare several state of art methods with our proposed 
method in Tables 2 and 3. In addition, we also compare 
with some existing alignment methods including PSE 
(Saquib et al., 2018), PIE (Zheng et al., 2017), PAN (Zheng 
et al., 2018), Pose-T (Liu et al., 2018). 

Market1501: On the Market-1501 dataset, our method 
outperforms these reported results by a margin (Table 2). 
Specifically, we achieve R1 = 92.3%, mAP = 76.1% using the 
single query mode. It is 4.6 and 4.7% higher than the 
alignment methods PSE (Saquib et al., 2018), Pose-T(D) 
(Liu et al., 2018) on R1, respectively. The main reason is 
that PSE, Pose-T(D) are based on the key pose points to part 
the human body, which easily include some background 
into the human parts. On the contrary, our method is based 
on the segmentation strategy to achieve human alignment 
and proposes TU-RefineNet to improve the segmentation 
performance. Furthermore, the advantage still exists in the 
case of this multiple queries. The matching rate on R1 of 
our method achieves 93.8%. It is 4% higher than T-S+d-II 
(Huang et al., 2019), which adopts a complex cascade 
network. 
 
Duke: Twelve state-of-the-art methods are chosen for 
comparison. The results are also shown in Table 2. As 
compared with the Market1501 dataset, Duke dataset has 
more occlusion  and  greater  change  of  postures. It  can  be  



 
 
 
 

Table 2: Performance comparison with state-of-the-art approaches on the Market-1501 and Duke datasets. The best 
performance is marked in bold. M represents multiple queries. 
 

Method 
Market-1501 Duke 

R1 mAP R1(M) mAP R1 mAP 

GAN (Zheng et al., 2017) ICCV17 78.1 56.2 --- --- 67.6 47.1 

PIE+KISSME (Zheng et al., 2017) CVPR17 79.3 55.9 --- --- --- --- 

Pose-T(R) (Liu et al., 2018) CVPR18 79.5 57.9 --- --- 68.6 48.0 

Oim (Xiao et al., 2017) CVPR17 82.1 60.9 --- --- 68.1 47.4 

B-CS + SRL (Wang et al., 2018) CVPR18 83.7 69.4 --- --- 76.4 59.4 

HAP2S (Yu et al., 2018) ECCV18 81.6 98.4 --- --- 75.9 60.6 

JLML (Li et al., 2017) IJCAI17 85.1 65.5 89.7 74.5 --- --- 

ODPR(R) (Jiang et al., 2018) ACMMM18 85.5 67.9 --- --- 72.8 63.0 

T-S+d-II (Huang et al., 2019) TIP19 85.7 67.5 89.8 77.8 76.8 58.5 

AACN(Xu et al., 2018) CVPR18 85.9 66.8 89.7 75.1 76.8 59.2 

Pose-T (D) (Liu et al., 2018) CVPR18 87.6 68.9 --- --- 78.5 56.9 

M+DML (Zhang et al., 2018) CVPR18 87.7 68.8 91.6 77.1 --- --- 

PSE (Saquib et al., 2018) CVPR18 87.7 69.0 --- --- 79.8 62.0 

CamStyle (Zhong et al., 2019) TIP19 88.1 67.8 --- --- 75.2 53.4 

MLFN (Chang et al., 2018) CVPR18 90.0 74.3 92.3 82.4 81.0 62.8 

SegHAN 92.3 76.1 93.8 82.1 81.8 64.3 
 
 

Table 3: Performance comparison with state-of-the-art approaches on the CUHK03 dataset. The best performance is 
marked in bold. 
 

Method 
CUHK3D CUHK3L 

R1 R10 R1 R10 

PIE+KISSME (Zheng et al., 2017) CVPR17 67.1 96.6 --- --- 

GAN (Zheng et al., 2017) ICCV17 67.6 --- 78.1 --- 

D+RE+RR (Wang et al., 2018) CVPR18 70.6 --- 73.8 --- 

PL-Net (Yao et al., 2019) TIP19 82.7 98.6 --- --- 

JLML(Li et al., 2017) IJCAI 2017 80.6 96.9 83.2 98.0 

DF (Zhao et al., 2017) ICCV2017 81.6 98.4 --- --- 

MC-PPMN(Mao et al., 2018) AAAI18 81.8 98.5 86.3 99.8 

DPFL (Yao et al., 2019) ICCV17 82.0 --- 86.7 --- 

GLAD (Paolanti et al., 2018) ACM MM17 82.2 97.6 85.0 99.1 

IRS (Wang et al., 2018) IJCV18 83.3 97.9 81.9 98.2 

SafeNet (Yuan et al., 2018) IJCAI18 84.1 98.4 87.2 99.3 

B-CS+SRL(Wang et al., 2018) CVPR18 85.8 98.4 88.1 98.6 

MLS (Guo and Cheung, 2018) CVPR2018 86.4 97.5 87.2 97.8 

SegHAN 87.1 99.3 88.3 99.6 
 
 

observed that SegHAN also achieves the best performance, 
which is 0.8 and 1.5% higher than the second best method 
MLFN (Chang et al., 2018) on R1 and mAP, respectively. 
PSE (Saquib et al., 2018), as an alignment method, has a 2% 
gap on R1 when compared with our method. These 
comparisons imply the effectiveness of our method in 
alleviating person misalignment. 
 
CUHK03: This dataset provides two versions of person 
boxes: one is manually labeled and the other one is 
detected with a pedestrian  detector  (more  misalignment). 

The corresponding results for both cases are provided in 
Table 3 (L) and Table 3 (D), respectively. Thirteen state-of-
the-art methods are chosen for comparison. We can observe 
that our SegHAN achieves the best performances on three 
of the four metrics, especially on both R1 metrics. 
Specifically, it outperforms the second best method MLS 
(Guo and Cheung, 2018) in 0.7 and 1.1% on R1 on 
CUHK03(D) and CUHK03(L), respectively. It also achieves 
comparable performance on both R10 metrics. 
 
Re-ranking  (ReK):  Apart   from   the   comparison   of   the



 
 
 
 

Table 4: Performance comparison with state-of-the-art approaches on the Market-1501 and Duke datasets based on ReK. 
The best performance is marked in bold. M represents multiple queries. 
 

Method 
 Market-1501  Duke 

R1 mAP R1(M) mAP R1 mAP 

PAN(R)+ReK (Zheng et al., 2018) ICCV17 85.7 76.5 89.7 83.7 75.9 66.7 

T-S+d-II+ReK (Huang et al., 2019) TIP19 87.9 81.8 90.9 86.5 81.2 74.2 

AACN+ ReK (Xu et al., 2018) CVPR18 88.6 82.9 92.1 87.3 --- --- 

CamStyle +ReK(Zhong et al., 2019) TIP19 89.4 71.5 --- --- 78.3 57.6 

PSE+ReK (Saquib et al., 2018) CVPR18 90.2 83.5 --- --- 84.4 78.9 

SegHAN+ ReK 93.6 85.7 94.1 88.2 85.3 80.2 

SegHAN+ FWR 94.1 86.8 94.4 88.9 86.0 81.6 
 
 

above, we also compare the five methods based on re-rank 
(ReK) (Zhong et al., 2017) on the Market and Duke datasets 
in Table 4. It can be observed that our SegHAN achieves the 
best performance on the two datasets. 

Specifically, on the Market1501 dataset, the performance 
of SegHAN+ReK gains 93.6% (R1) and 85.7%(mAP), which 
is 3.4 and 2.2% higher than the second best method 
PSE+ReK (Saquib et al., 2018), respectively. On the Duke 
dataset, our method still achieve the best performance. In 
addition, when combined with our proposed re-ranking 
model FWR, the performance is further improved, which is 
increased by 1.1 and 1.4% (mAP) on Market1501 and Duke 
datasets, respectively. These performance improvements 
are attributed to the frequency information embedded in 
the re-ranking model. 

In general, our method gains a competitive performance 
on three datasets, especially for the detected person boxes, 
the enhancement is prominent. 
 
 

Conclusion 
 

In this study, two related but independent models for 
person re-ID are proposed. On the one hand, a novel 
segmentation-based human alignment network (SegHAN) is 
presented to handle the misalignment issue in person re-ID. 
In this process, a segmentation idea is adopted to construct 
the alignment network, which is robust to pedestrian scene 
changes and spatial locations. In addition, to improve the 
robustness of pedestrian descriptor, a weighting fusion 
strategy is developed to imply the discriminative capability 
of different region features. On the other hand, the proposed 
FWR is employed to further improve the re-ID performance 
with an unsupervised method. 

Extensive experiments demonstrate that both our 
SegHAN and re-ranking model FWR gain the superiority 
against the state-of-the-arts on three challenging datasets 
independently and in concert with each other. 
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