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Abstract: In person re-identification, extracting image features is an important step when retrieving
pedestrian images. Most of the current methods only extract global features or local features of
pedestrian images. Some inconspicuous details are easily ignored when learning image features,
which is not efficient or robust to for scenarios with large differences. In this paper, we propose a
Multi-level Feature Fusion model that combines both global features and local features of images
through deep learning networks to generate more discriminative pedestrian descriptors. Specifically,
we extract local features from different depths of network by the Part-based Multi-level Net to fuse
low-to-high level local features of pedestrian images. Global-Local Branches are used to extract the
local features and global features at the highest level. The experiments have proved that our deep
learning model based on multi-level feature fusion works well in person re-identification. The overall
results outperform the state of the art with considerable margins on three widely-used datasets.
For instance, we achieve 96% Rank-1 accuracy on the Market-1501 dataset and 76.1% mAP on the
DukeMTMC-reID dataset, outperforming the existing works by a large margin (more than 6%).

Keywords: deep learning; intelligent monitoring; person re-identification

1. Introduction

Public safety incidents often occur in dense crowds. Therefore, a large number of surveillance
cameras are installed and applied in various areas of the city. Person re-identification is a key
component technology in the field of urban remote sensor monitoring. For a certain target person
appearing in a remote sensing surveillance video or remote sensing pedestrian image, the method of
person re-identification can accurately and quickly identify this target person in other remote sensing
monitoring fields. The goal of person re-identification is to find the same person from the videos or
images captured from different cameras [1], as in Figure 1. Recently, deep learning methods achieve
great success by designing feature representations [2–6] or learning robust distance metrics [7–10].
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Figure 1. Retrieving the same pedestrian image under different cameras. 

The pedestrian features extracted by deep learning can be divided into two types: global features 
and local features. The global features are extracted from the whole picture, which is easy to calculate 
and intuitive. These features contain the most significant information of a person (such as the color 
of pedestrian clothes), which is helpful to indicate the identity of different pedestrians [6]. However, 
some inconspicuous details (such as hats, belts, etc.) are easily ignored by the global features. For 
example, if two persons are wearing clothes of the same color, and one of them is wearing a hat, it is 
hard to discriminate the two persons from only the overall appearance. Moreover, when the 
background is complex, it is difficult for the global features to associate the images of the same person 
with different backgrounds into one identity, as shown in Figure 2. 

In order to solve the problem of person re-identification, some recent work mainly uses deep 
learning models to extract local features, using salient local details to match the local features of a 
queried pedestrian. Local feature information of each body part is extracted by neural network. The 
similarity between local features is very low, which is more conducive to person re-identification. 
However, the method of extracting local features may ignore the overall pedestrian information, as 
shown in Figure 2. 

 
Figure 2. If the network only extracts local features of (a), it cannot be determined that those local 
features belong to the same person. If the network only extracts global features, complex background 
content can be detrimental to identifying pedestrians, as shown in (b). Horizontal arrows mean we 
horizontally divided the feature map into six parts and extracted the local features of each part. 

Figure 1. Retrieving the same pedestrian image under different cameras.

The pedestrian features extracted by deep learning can be divided into two types: global features
and local features. The global features are extracted from the whole picture, which is easy to calculate
and intuitive. These features contain the most significant information of a person (such as the color of
pedestrian clothes), which is helpful to indicate the identity of different pedestrians [6]. However, some
inconspicuous details (such as hats, belts, etc.) are easily ignored by the global features. For example,
if two persons are wearing clothes of the same color, and one of them is wearing a hat, it is hard to
discriminate the two persons from only the overall appearance. Moreover, when the background is
complex, it is difficult for the global features to associate the images of the same person with different
backgrounds into one identity, as shown in Figure 2.

In order to solve the problem of person re-identification, some recent work mainly uses deep
learning models to extract local features, using salient local details to match the local features of
a queried pedestrian. Local feature information of each body part is extracted by neural network.
The similarity between local features is very low, which is more conducive to person re-identification.
However, the method of extracting local features may ignore the overall pedestrian information,
as shown in Figure 2.
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Figure 2. If the network only extracts local features of (a), it cannot be determined that those local
features belong to the same person. If the network only extracts global features, complex background
content can be detrimental to identifying pedestrians, as shown in (b). Horizontal arrows mean we
horizontally divided the feature map into six parts and extracted the local features of each part.

Representing local information of individuals by locating notable body parts from pedestrian
images is also an effective method of person re-identification in recent years [11–13]. Local features are
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extracted from different body parts. Each body part contains a small portion of local information from
the whole body [14,15]. In this way, we can learn detailed local features from the divided parts which
make the features focus on the local details. The learned local features supplement important details,
which can be taken as the complementary of the global features.

Therefore, in this paper, the local features and global features are jointly learned for person
re-identification. In this paper, we propose a Multi-level Feature Fusion (MFF) model that fuses global
features and local features. Moreover, the local features are extracted from different network depths.
An MFF model consists of two components: Part-based Multi-level Net (PMN) and Global-Local
Branch (GLB). PMN is used to extract local features from different layers of the network. GLB extracts
local features and global features at the highest level. The global features and local features are used to
perform identity predictions in MFF. We train the MFF model on three classic datasets. Performance of
experiments show that the MFF model which fuses global and local features is particularly effective
and our model results outweigh many state-of-the-art methods.

The main contributions of our work are as follows:

• We add Part-based Multi-level Net (PMN) to extract local features more comprehensively from
lower to higher layers of the network. Compared with other traditional feature extraction methods,
PMN can learn more local detailed features from different network layers.

• We join to learn global features and local features. The robustness of the MFF model can be
improved by joint learning features. We use multi-class loss functions to classify the features
extracted from different network branches separately, which enhances the accuracy of MFF.

• We implement extensive experiments on three challenging person re-identification datasets.
Experiments show that our method is superior to existing person re-identification methods.

The remainder of our paper is organized as follows: some related works are reviewed in Section 2.
The structure of our proposed model and implementation details are presented in Section 3. Extensive
comparative experiment results on three benchmark datasets are shown in Section 4. The conclusions
of our work are described in Section 5.

2. Related Work

Person re-identification aims to find matching pedestrian images from different camera views.
With the rapid development of deep learning, feature learning by deep networks has become a
common practice in person re-identification. Li et al. [16] combined deep siamese network architecture
with pedestrian human body feature learning for the first time and achieved higher performance.
Zheng et al. [11] proposed a baseline that combined ID-discriminative embedding (IDE) with a
ResNet-50 backbone network for modern deep person re-identification systems. Proposed methods
also improved the performance of deep person re-identification. Varior et al. [17] described the
interrelationship of local parts by computing mid-level features of image pairs. Xiao et al. [18]
improved the generalization of different pedestrian scenes by using the Domain Guided Dropout
method. Yang et al. [19] used deep learning networks to integrate multiple feature representations
together for person re-identification. Some recent works use features of different views or top-view for
person re-identification [20,21]. Paolanti et al. [21] extracted neighborhood component features and
used multiple nearest neighbor classifiers to identify pedestrians.

For local features extraction, Li et al. [12] proposed a deep learning method called STN.
Local features can be easily localized from image patches by learning deep contextual awareness of
body and potential parts. Zhao et al. [13] applied deep learning method to align same parts of different
images after splitting pedestrian image. Liu et al. [22] utilized attention module to extract part features
emphasized of the model. Bai et al. [23] combined some feature slices which are vertically divided into
multiple pieces with the LSTM network. Some recent works strengthen the representation of the body
part by embedding attention information [22,24,25]. In our proposed method, we extract local features
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from several horizontal stripes. At the same time, local features are extracted from different network
depths which achieves good performance.

For global feature extraction, a kernel feature map is used to obtain similar information of all
patches from different images [26]. Liao et al. [6] proposed a method called Local Maximal Occurrence
(LOMO) to represent a local feature which has a positive effect on person re-identification. In our paper,
we combine global features and low-to-high level local features together for person re-identification.

In the feature learning phase, classification loss is a commonly used loss function. Some loss
functions based on softmax loss achieve state-of-the-art performance in face recognition. Liu et al. [27]
proposed L-Softmax to improve the discrimination of pedestrian image features by adding angular
constraints to each identity. A-Softmax [28] improves L-Softmax by normalizing weights to
recognize by learning angularly discriminative features. Since softmax loss is robust to various
multi-class classification tasks and can be used individually [25,29] or in combination with other
losses [10,16,23,30–32], softmax loss is often used as a classification for loss function in person
re-identification. In our proposed method, we also use softmax loss to solve multi-class tasks.

3. Materials and Methods

Details of our method are described in this section. Proposed Multi-level Feature Fusion (MFF) is
introduced in detail which contains two main components: Part-based Multi-level Net (PMN) and
Global- Local Branch (GLB), as shown in Figure 3. PMN is used to extract local features from different
layers of the network. GLB extracts local features and global features from the final layer. More details
of the MFF are introduced in Sections 3.1 and 3.2. The loss function is introduced in Section 3.3. 5 of 18 
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Figure 3. Multi-level Feature Fusion (MFF) architecture is split into two components: Multi-level Net
(PMN) and Global-Local Branch (GLB). An input image is fed to the modified ResNet50 to obtain
feature maps. The extracted global features are sent to a classifier. Meanwhile, the feature maps are
divided into several parts and each part after dimension reduction is sent to a classifier.

3.1. Change of Backbone Network

By considering the relatively effective performance and concise architecture, this paper uses
ResNet50 as the backbone network. In order to extract features more accurately, the ResNet50 structure
is divided into block1, block2, block3 and block4, as in Figure 3. Then we can extract feature maps
between each block and use classifiers to predict identity. Each block consists of conv block (includes



Algorithms 2020, 13, 111 5 of 18

multiple convolution blocks) and identity blocks. The upper layer network of block1 is max pooling
layer. The backbone structure of ResNet50 remains unchanged until block4. In this paper, we remove
the entire network after block4 (including the global average pooling layer). In this way, feature maps
will be retained with more feature information by removing the global average pooling layer.

3.2. Structure of Multi-Level Feature Fusion (MFF)

The combination of global features and local features can learn more information which leads to
more accurate pedestrian retrieval results. In this paper, we propose an MFF model which fuses local
features and global features together. In MFF, local features and global features are learned identity
predictions. As shown in Figure 3, the MFF model is composed of Part-based Multi-level Net (PMN)
and Global-Local Branch (GLB). The structure of PMN and GLB are introduced separately. And Table 1
shows the dimensions of the features extracted from each branch.

Table 1. Comparison of the settings for five branches.

Branch Dimension

Branch-1 256 × 6
Branch-2 256 × 6
Branch-3 256 × 6

GLB-1 256
GLB-2 256 × 6

The structure of Global-Local Branch (GLB) consists of two parts to extract local and global
features from the deepest layer of the network, respectively. Given an input image, we can obtain
the feature maps through the backbone network. Then an average pooling layer and a classifier
are employed after the ResNet50 network to get the 256-dimension global features. The classifier is
composed of a fully connected layer and a softmax layer to get the prediction of pedestrian identity
from the global feature. The second branch of GLB is used to extract local features from the deepest
layer of the network. In order to extract the local features, we divide the feature maps horizontally
into six parts as shown in Figure 3. We add an average pooling layer and a classifier after the divided
feature map to get the prediction of pedestrian identity.

The structure of Part-based Multi-level Net (PMN) consists of three parts (Branch-1, Branch-2 and
Branch-3) which is used to extract local features from lower to higher layers of the network, as shown in
Figure 4. ResNet50 consists of four blocks, and we add Branch-1, Branch-2 and Branch-3 between each
pair of continuous blocks. In each branch, firstly, we apply an average pooling on the corresponding
output feature map. Then the feature map is divided into six parts horizontally as introduced in
previous subsection. We add a 1 × 1 kernel-sized convolutional layer, a batch normalization layer, a
relu layer and a global pooling layer to obtain 6 × 256-dimension local features. Then each local feature
is input into a classifier, where each classifier is implemented with a fully-connected (FC) layer and
a softmax layer. The classifier is used for the identity prediction. Note that, Branch-1, Branch-2 and
Branch-3 run in parallel.
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Figure 4. Method of body part partitions is shown above. The feature maps extracted from the deep
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3.3. Loss Function

In our paper, we regard the person identification task as a multi-class classification problem.
Considering that softmax loss is widely used in various deep person re-identification methods, we
employ softmax loss as the loss function for classification in training stage.

In MFF, we regard person re-identification task as a multi-class classification problem. For i-th
learned class vector hi, the softmax loss function is described as follows:

Lso f tmax = −
M∑

i=1

log
exp

(
KT

yihi

)
∑D

c=1 exp
(
KT

c hi
) (1)

where Kc is the weight of class c, D is the number of classes in training dataset, Kyi is the weight of
yi− th in fully connected layer, yi− th is the i− th value of output vector y. M is the size of mini-batch
in training process. In MFF, the softmax loss is employed into the features extracted by GLB and PMN.

The final loss function is formulated as follows:

L = LG
so f tmax + LL

so f tmax + LL1
so f tmax + LL2

so f tmax + LL3
so f tmax (2)

where LG
so f tmax and LL

so f tmax represent the identity classification tasks in global and local branches of

GLB, LL1
so f tmax, LL2

so f tmax and LL3
so f tmax represent the identity classification tasks in Branch-1, Branch-2 and

Branch-3 of PMN, respectively.
Each classifier predicts the most similar pedestrian images when using a single classifier to make

decisions. A pedestrian image with the same identity as a query image is usually determined as
the most similar pedestrian image in the process of classification. We vote on the prediction results
obtained by five classifiers to get the final classification prediction results.

4. Results

4.1. Datasets

In order to evaluate the performance of the MFF model, here we evaluate three datasets in the
experiments, i.e., Market-1501 [33], DukeMTMC-reID [6] and CUHK03 [34]. The dataset of person
re-identification is divided into Training_set, Verification_set, Query and Gallery. In our experiment,
the network model is trained on the training set. Then we calculate the similarity of features extracted
from Query and Gallery which is used to find similar pedestrian images of Query in Gallery. Pedestrian
images of the Gallery are sorted according to the similarity of image features, as shown in Figure 5.
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Figure 5. Examples of person re-identification. The similar pedestrian images of Query are shown in
blue box.

The Market-1501 [33] dataset includes 1501 identities captured by six cameras and 32,668 detected
pedestrian rectangles under six camera viewpoints. In this dataset, each pedestrian contains at least
two camera viewpoints. The training set is consisted of 751 identities and each identity includes
17.2 training data on average. The test set is composed of 19,732 images of 750 identities. The pedestrian
detection rectangle in the gallery is detected by DPM [35]. Here, we use mean Average Precision (mAP)
to evaluate person re-identification algorithms.

The DukeMTMC-reID [6] dataset consists 36,411 images of 1404 identities. With those images
collected by eight cameras and each image sampled every 120 frames from the video. This dataset
is composed of 16,552 training images, 2228 query images and 17,661 gallery images. Half of the
identities are randomly sampled as training sets while the others as test sets. DukeMTMC-reID offers
human labeled bounding boxes.

The CUHK03 [34] dataset is composed of 13,614 images and 1467 identities. Each identity
automatically captured by two cameras. In this dataset, bounding boxes are provided by two different
ways: automatically detected which is the same as Market-1501 dataset and hand-labeled bounding
boxes. Here we use two kinds of bounding boxes in this paper. In the whole experiment, we evaluate
the single-query setting and adopt new test protocol proposed in [36] which is similar to Market-1501.
CUHK03 is divided into a training set consisting of 756 pedestrians and a test set of 700 pedestrians in
the new protocol. A randomly selected image is used as query image while the rest is used as gallery.
In this way, each pedestrian gets multiple ground truths in gallery.

The detailed information about these datasets is summarized in Table 2. Three widely-used person
re-identification datasets contain many challenges, such as misalignment, low resolutions, viewpoints
and background clusters. In addition, Figure 6 shows some image samples of the four datasets.

Table 2. The details of person re-identification dataset.

Dataset Release Tine Identities Cameras Crop Size Label Method

Market-1501 2015 1501 6 Vary Hand/DPM
DukeMTMC-reID 2017 1812 8 128 × 64 Hand

CUHK03 2014 1467 10 Vary Hand/DPM
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Figure 6. Some samples from Market-1501, CUHK03 and DukeMTMC-reID. Here each row includes
two different identities captured under different cameras.

For each query image, we merge the five feature vectors into one and calculate the Euclidean
distance between query image and pedestrian image in gallery. We use the Euclidean distance value to
rank the images. The higher the ranking, the more similar the image is to the query image. Then we
arrange them in descending order according to the Euclidean distance, and use the Cumulative Match
Characteristic (CMC) curve to show the performance. In terms of performance measurement, we use
the Rank-1 accuracy and the mean Average Precision (mAp).

Mean Average Precision (mAP) is an important evaluation indicator for person re-identification.
Precision and recall are important components of mean Average Precision. Precision is the ability of a
model to identify only the relevant objects. Recall is the ability of a model to find all the relevant cases.
The precision and recall are expressed as follows:

Precision =
TP

TP + FP
(3)

Recall =
TP

TP + FN
(4)

where TP means the number of true positive, FP means the number of false positive, FN means the
number of false negative.

Average precision (AP) means the mean of the highest precision under different recalls, which is
expressed as follows:

AP =
1
R

∑
r∈R

Precision(r) (5)

MAP is the average value of the AP, which is expressed as follows:

mAP =
1
M

∑
m∈M

AP(m) (6)
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4.2. Implementation Details

We pre-trained ResNet50 on ImageNet [37] and used the weight of ResNet50 in MFF. Our training
environment is Pytorch and code is edited using python. The computer configuration system is 64-bit
ubuntu 16.04LTS. Single-GPU training is used in MFF and the type of GPU is NVIDA GEFORCE GTX
1080. Considering the configuration of the graphics card, we set batch size to 32. Due to differences
between three datasets, the learning rate of each dataset is different. Learning rate of Market-1501 is
0.05. Learning rate is set to 0.045 when training on DukeMTMC-reID. The learning rate of CUHK03
is 0.08. The entire training process is terminated in 60 epochs. We randomly select one image as the
query image which means we conduct all the experiments under single-query settings, and the input
pedestrian images are resized to 384 × 192.

4.3. Comparison with Market1501

Comparison with the proposed method on Market-1501 is detailed in Table 3. The MFF model is
compared with several state-of-the-art person re-identification methods on Market-1501 in recent years,
for example, the bag of words model BoW+KISSME [33] with a hand-crafted method, the SVDNet [34]
using global features extracted by deep learning model, and the part-aligned representation PAR [17]
using part features extracted by a deep learning model. We can observe from Table 3 that the proposed
MFF model gets best results in Rank-1 accuracy, Rank-5 accuracy and Rank-10 accuracy. In the
experiment, we use mean average precision (mAP) as an evaluation index of person re-identification.
The MFF model achieves 87.9% mAP on the Market-1501, which is 18.8% higher than the best proposed
method. In addition, the MFF model achieves Rank-1 accuracy of 96.0%, which is 11.1% higher than
the best method. Rank-5 accuracy of our model achieves 98.7%, 4.5% better than the best compared
method. This is because the MFF model fuses the global features and local features together. Moreover,
adding PMN when extracting local features is also helpful to obtain better results.

Table 3. Comparison with existing methods on Market1501.

Method
Market1501

Rank-1 Rank-5 Rank-10 mAP

BoW + KISSME [33] 44.4 63.9 72.2 20.8
WARCA [36] 45.2 68.1 76.0 -
SVDNet [34] 82.3 92.3 95.2 62.1

PDC [38] 84.4 92.7 94.9 63.4
Triplet Loss [39] 84.9 94.2 - 69.1

DML [40] 87.7 - - 68.8
PAR [13] 81.0 92.0 94.7 63.4

MFF (Ours) 96.0 98.7 99.3 87.9

The above shows Rank-1 to Rank-5 accuracy (%) and mean Average Precision (mAP) (%).

4.4. Comparison with CUHK03

Comparison between the proposed method and CUHK03 is detailed in Tables 4 and 5. We conduct
experiments on a CUHK03-detected dataset and a CUHK03-labeled dataset, respectively. We only
use the single-query method for person re-identification on CUHK03-detected and CUHK03-labeled
datasets. In this paper, our model is compared with many methods, such as LOMO+KISSME [6]
using a horizontal occurrence model, pedestrian alignment network [41] and HA-CNN [25] using
harmonious attention network. In this experiment, we use Rank-1 accuracy and mAP as evaluation
indicators. As shown in Table 4, the MFF model achieves Rank-1 accuracy of 67.4% which is 0.6%
higher than the best experimental result on CUHK03-detected data. Additionally, the mAP reaches
66.7%, which is 0.7% better than the best experimental result. Comparison results obtained on
CUHK03-labeled are as follows: we surpass MGN by 1.6% in Rank-1 accuracy for the single-query
setting. The MFF model reaches mAP of 68.8%. Compared with other deep learning methods, our
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model is even more discriminative, which is attributed to our global feature extraction and each-part
feature extraction. We believe that local feature extraction benefits from PMN, which is because PMN
can extract low-to-high level features more comprehensively.

Table 4. Comparison with existing methods on CUHK03-detected data.

Method
CUHK03-Detected

Rank-1 mAP

BoW + KISSME [33] 6.4 6.4
LOMO + KISSME [6] 12.8 11.5

IDE [42] 21.3 19.7
PAN [41] 36.3 34.0
DPFL [43] 40.7 37.0

SVDNet [34] 41.5 37.3
HA-CNN [25] 41.7 38.6

MLFN [44] 52.8 47.8

PCB+RPP [11] 63.7 57.5

MGN [45] 66.8 66.0

MFF (Ours) 67.4 66.7

Rank-1 accuracy (%) and mAP (%) are compared.

Table 5. Comparison with existing methods on CUHK03-labeled data.

Method
CUHK03-Labeled

Rank-1 mAP

BoW + KISSME [31] 7.9 6.4
LOMO + KISSME [6] 14.8 11.5

IDE [42] 22.2 19.7
PAN [41] 36.9 34.0
DPFL [43] 43.0 37.0

SVDNet [34] 40.9 37.3
HA-CNN [25] 44.4 38.6

MLFN [44] 54.7 49.2

MGN [45] 68.0 67.4

MFF (Ours) 69.6 68.8

Rank-1 accuracy (%) and mAP (%) are compared.

4.5. Comparison with DukeMTMC-reID

We compare the MFF model with a state-of-the-art model on DukeMTMC-reID. Comparative
details are shown in Table 6. Methods of extracting features are different in Table 6, for example,
LOMO+KISSME [6] extract local features with a horizontal occurrence model, whereas PAN [41] and
SVDNet [34] use a deep learning method to extract global features.
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Table 6. Comparison with existing methods on DukeMTMC-reID.

Method
DukeMTMC-reID

Rank-1 mAP

BoW + KISSME [33] 25.1 12.2
LOMO + KISSME [6] 30.8 17.0

Verif + Identif [46] 68.9 49.3
ACRN [47] 72.6 52.0
PAN [41] 71.6 51.5

SVDNet [34] 76.7 56.8
DPFL [43] 79.2 60.6

HA-CNN [25] 80.5 63.8
Deep-Person [48] 80.9 64.8

PCB+RPP [11] 83.3 69.2

MFF (Ours) 86.0 76.1

Rank-1 accuracy (%) and mAP (%) are compared above.

We evaluate the MFF model on DukeMTMC-reID with single-query-setting and the significant
advantage can be observed in Table 6. Rank-1 accuracy reaches 86.0% which achieves the highest
accuracy in comparison methods. We also use mAP as an evaluation indicator. MFF model reaches
76.1% in mAP. Extracting local features and global features enrich the available features when searching
for target pedestrians. Adding a classifier in different levels of ResNet50, which is good for extracting
part features, can also increase the accuracy of our model. In addition, we visualize the top-10 ranking
results on DukeMTMC-reID for some randomly-selected query pedestrian images in Figure 7.
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4.6. Effectiveness of PMN

We evaluate the MFF model compared to three classic datasets: Market1501, CUHK03 and
DukeMTMC-reID. PMN is proposed to extract local features from the low-to-high level layers. In order
to further explore the influence of the PMN model, we conduct two experiments on each dataset. Firstly,
we remove the structure of the PMN model. We fuse local features and global features extracted from
entire backbone network. GLB is the structure without the PMN model, as in Figure 8. Experiments on
GLB can clearly test the performance of our model without adding the PMN structure. Then we train
the MFF model on three datasets and report their performance in Figure 8. Difference between MFF
and GLB is that MFF fuses low-to-high level local features.
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Figure 8. Evaluation of GLB and MFF are shown above. Rank-1 to Rank-10 accuracy is compared
on three datasets. From (a–d) is the evaluation performance on Market-1501, DukeMTMC-reID,
CUHK03-detected and CUHK03-labeled.

We exhaustively train MFF and GLB on three datasets separately and use Rank-1 accuracy to
Rank-10 accuracy as the evaluation standard. In Figure 8, a comparison of experimental results of two
models not only shows the effect of model enhancement after fusing low-to-high level local features,
but also shows that the improvement effect of PMN on each dataset is different. PMN structure has the
most significant effect on CUHK03 especially on CUHK03-labeled data. But the effect on Market-1501
is less significant. Figure 8 shows that rank accuracy of MFF is higher than GLB on three datasets,
which proves that low-to-high local features extracted by PMN structure have a positive impact on
person re-identification.

4.7. Influence of the Number of Parts

In this paper, we use the method of dividing a pedestrian image into several parts to extract local
features. The visualization of the delicate parts is shown in Figure 9. Intuitively, the granularity of
the part feature affects the results. When the number of parts is one, the learned feature is a global
feature. As the number of divided parts increases, the retrieval accuracy increases. However, accuracy
does not always increase with the number parts, as shown in Figure 10. Rank-1 accuracy of three
datasets shows that when the number of parts increases to eight, the performance drops dramatically.
The over-increased parts actually compromise the extraction of local features. Therefore, we use six
parts in our experiments.
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Discussion: we divide the pedestrian image into six parts to get the best results. We consider
different proportions and attributes of body parts. We divide the image into six parts according to
the position of the elbow joint, crotch, knee joint, etc., as shown in Figure 2. Due to the limitation of
joints, the grate range of human motion is limited to these six parts. The image is divided into six
parts to ensure that the local features of each part have a high degree of recognition when a pedestrian
is engaged in a wide range of activities. In addition, we also consider the effect of attributes on the
results. The relevant attributes in pedestrian images include clothing categories (dresses, shorts etc.),
clothing color, hat, hair, etc. The recognition of the attribute features of each part is also strengthened
after dividing the image into six parts.

4.8. Influence of the PMN Branches

Low-to-high level local features are extracted by Branch-1 to Branch-3 as in Figure 3. To verify the
effectiveness of different branches in PMN, we remove the branches of PMN in different ways and the
experimental results are compared in Figure 11. The way of removing branches is as follows. (1) Only
Branch-1 is removed. (2) Branch-1 and Branch 2 are both removed. (3) Structure of PMN (Branch-1 to
Branch-2) is removed (GLB). (4) No branches are removed (MFF). In Figure 11, we can observe that
MFF model achieves the highest rank precision. Removing Branch-1 means not extracting low-level
local features which reduces the rank accuracy. In the same way, the more branches in PMN are
removed, the lower rank accuracy of the model. This experiment proves that sampling local features
from different depths is effective for MFF.

We can try to use PMN networks with different network structures to extract features in the future.
In addition, the PMN branches can be used for face recognition to extract facial features from different
network depths and learn higher discriminative features. PMN has a wide range of applications and
can also be used in other image recognition networks.
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5. Conclusions

This paper mainly verified the important role of our model in solving person re-identification
problems. A deep learning network called Multi-level Feature Fusion (MFF) is proposed to extract
local features and global features. The proposed Part-based Multi-level Net (PMN) structure not only
extracts local features more comprehensively from low to high levels, but also can be flexibly applied
into different deep learning models. PMN greatly improves the performance of Multi-level Feature
Fusion (MFF) by extracting different levels of local features. A more comprehensive feature fusion
effectively improves the accuracy of searching for the target person in person re-identification and
outperforms the current state-of-the-art methods with considerable margins.
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