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Abstract

In this paper, we study the task of person re-identification
in a video sequence with deep learning methods. We trained
and refined a novel CNN based model, the OSNet, with two
popular datasets with transfer learning techniques and per-
formed cross-evaluations on the datasets. We then built a
practical application that takes any video sequence and a
query as input, and outputs all occurrences of the target
query in the video sequence. Using OSNet as a feature ex-
tractor, we analyze and compare the performance of the
original and refined models on the application with real-
world examples.

1. Introduction

Person re-identification is a computer vision task that
aims to detect and identify a person of interest with vari-
ous poses and orientations across different locations. This
task is crucial for applications such as surveillance, smart
cities, and autonomous vehicles. Persons were usually iden-
tified through their dressing and appearances [8] [2]. Key
challenges for this task include viewpoint variations, pose
variations, lighting conditions, occlusions, and other peo-
ple with similar appearances [[16]. Methods for this appli-
cation usually leverage feature representations that does a
good summarizing of the target [5] [3]. In recent years,
deep learning based algorithms were developed to learn fea-
ture representations that are robust to challenging variations
and changing environments [1]]. In this paper, we study a
novel CNN based Re-ID model, the OSNet [21]] [22]] that is
capable of extracting rich feature representations. We train
the model on the Market1501 dataset [[16], and refine the
learnt model on the DukeMTMC-relD dataset [12] through
transfer learning techniques. We then apply the model to
build a generalized and robust application that is capable of
identifying and tracking persons of interest in a video se-
quence, such as a security footage. In the process, we also
perform analysis on how transfer learning has empowered
the refined model to perform better through real-world ex-
amples. We trained our models and built the application on
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top of Torchreid [20], the code base for the original research
on OSNet [21] [22] https://github.com/KaiyangZhou/deep-
person-reid.

1.1. Models

OSNet, a novel CNN-based Re-ID model, captures
omni-scale feature representations using Aggregation Gate
mechanisms and residual blocks. This design addresses
challenges like viewpoint and pose variations. The use of
lightweight Depthwise Separable Convolutions ensures ef-
ficient computation, making OSNet a fit for re-ID surveil-
lance and smart city applications.

Initially, we trained OSNet on Market1501, the then re-
fined it on DukeMTMC-relD based on two-stepped transfer
learning approach. By freezing the base layers initially and
unfreezing them after pre-training the randomly initialized
layers, we preserved the model’s performance while transi-
tioning between datasets smoothly.

Our experiments showed that the refined OSNet signif-
icantly improved on DukeMTMC-relD while maintaining
strong performance on Market1501. This demonstrated
new model’s ability to address diverse challenges in person
re-ID and its effectiveness in complex real-world applica-
tions.

We will leverage the YOLOvS8 [11] (You Only Look
Once) object detection model in the application part.
YOLOVS is chosen for its state-of-the-art performance in
terms of speed and accuracy, making it suitable for the real-
time re-ID task, which requires high precision and fast pro-
cessing.

1.2. Application

Our refined model was then applied to a video sequence
that captures pedestrians passing by. Given a query image
of a pedestrian, the target for our application is to identify
all frames where the queried person appears, detect and crop
out the person requested. This task can be applied in various
areas of modern world automation, such as tracking persons
of interest through security cameras, identifying particular
pedestrians in autonomous driving, etc.

In this paper, we build out this application based on
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an object detection model, such as YOLO [I1], and a re-
identifying network based on OSNet trained on the
Market1501 Dataset [16]. We also compare through real
world examples on how the performance of our application
has changed after applying transfer learning based on the
Duke MTMC Dataset [12]].

The video sample we have used to test our application is
available here.

Figure 1: A frame from the video sample used in this paper.
The scene features a fixed camera capturing pedestrians on
a walkway in daylight, providing a suitable environment for
testing person re-id models.

2. Related Work

As mentioned before, Person RE-ID faces numerous
challenges from varying environment and similar appear-
ances among individuals [16]. Traditional methods [3]]
[15]relied on appearance features for identification [2]], but
these struggled with variations in real-world settings.

Deep learning methods[[13[6][18], like He et al. [,
used deep residual learning to address the vanishing gra-
dient problem, providing strong capability of feature ex-
traction but requiring high computational and memory re-
sources. Howard et al. [9] introduced MobileNets, leverag-
ing Depthwise Separable Convolutions for efficiency, mak-
ing them suitable for real-time applications, though some-
times sacrificing accuracy as a cost. Chang et al. pro-
posed multi-level factorisation nets to handle multi-scale
person images, improving robustness to viewpoint and dis-
tance variations but increasing model complexity and re-
quiring extensive training data.

As a novel deep re-ID CNN, omni-scale network
(OSNet)[121]] attempts to combines the advantages of
these models, and is characterized by its effective imple-
mentation of omni-scale feature learning as its name sug-
gests. Omni-scale means combining variable homogeneous
and heterogeneous scales, each of which is composed of
a mixture of multiple scales. The introduction of omni-
scale boosts the performance of person re-ID because fea-
tures corresponding small local regions (ie. clothes logo,
hair style) and global whole body regions(ie. young women
+ white dress) are equally important in indicating the true

match and imposter.

Based on OSnet’s proven effectness in related task, it
is selected as a foundation for this project, in which it is
further refined to accommodate a broader datasets. More
details about architecture and characteristics of OSnet as
well as refining techniques will be revealed in the section
of Method.

3. Method

3.1. Introduction to Existing Model: OSNet

Input
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Figure 2: (a) Baseline bottleneck. (b) Proposed bottleneck.
AG: Aggregation Gate. The first/last 1 1 layers are used
to reduce/restore feature dimension.

Different from conventional CNN which struggles to
capture different spatial scales, OSnet is achieving excel-
lent omni-scale feature learning by virtue of aggregation
gate and omni-scale residual block. An aggregation gate
is a mechanism used to manage how information flow from
different sources is combined. It ensures the network is ef-
fectively aggregates or augment relevant information while
filtering out noise or less important data. OSNet is imple-
menting AG proposed by “Network In Network™ (NIN) [10]
combined with MLP and activation. On the other hand,
residual block is the foundamental component in Residual
Network (ResNet)[7]. Introduction of shortcut connections
greatly mitigate the mitigate the vanishing gradient prob-
lem.

As is demonstrated in Figure 2] the proposed bottleneck
in OSNet combined the ideas of AG and residual block.
Note that Lightweight network designs(Lite) is used, and to
be more specific, this architecture applies Depthwise Sepa-
rable Convolutions[9], which drastically reduce the number
of parameters and the computational burden.

All this features enables OSnet to specialize in learning
omni-scale feature representations, making it well-suited
for the person re-ID task.
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3.2. Re nement of OSNet based on Two-stepped 3.3. Application

Transfer Learning Given the video sequence as input, our application

Though OSNet demonstrates excellent R1 and mAP asProcesses the sequence frame-by-frame. On each itera-
is illustrated in the gure in Appendices part, its perfor- tion, we rstly apply YOLO [11] provided by Ultralytics
mance degrades dramatically when tested on a dataset difbttps://github.com/ultralytics/ultralytics to detect all objects
ferent from the training dataset. From our experiment, OS- l1abeled as "person”. The detected bounding boxes are then
Net trained on Market1501 only gives an R1381% and resized to 16-by-64, so that we can work with the detected

mAP of 15:6% when tested on DukeMTMC-relD. persons on a unied scale. Accordingly, the input query
image that contains the target person is also re-scaled to the

same dimensions.

The trained OSNet is then applied to both the query im-
2ge and each detected bounding box. When an image goes
through OSNet, a attened feature vector is produced by the
underlying neural network. Feature vectors extracted from
both the query image and the candidate detection are then
normalized. After that, a distance metric between the two
normalized feature vectors are computed. In our applica-

A possible remedy is to combine all required dataset
in the training stage, but it can leads to extremely high
computational load and time-intensive training. Here,
we are applying a technique named Two-stepped Transfe
Learning[4]. It assumes we have pre-trained model trained
either on a known or unknown dataset, in order to main-
tain the model's performance on a new dataset while avoid
complete re-training, one can apply the strategy of two-step

training. k
o . ) tion, we chose
The basic idea is to 'freeze' the base layers in the
rst segment of training process for few epochs( xed base distance=l cos =1 a b

epochs), and only unfreeze them after the pre-training on )
the randomly initialized layers, which typically at the end wherea andb are normalized features as a measurement

of neural network, is complete. Such a learning strategy ef- of similarity. As a result, the computed distance shoulq be
fectively avoid pre-tained model from being "poliuted” by bgtyvegn 0to 2, gnd a smallgr .dlstance represgnts higher
unfavorable back-gradient propagation as a consequence ofimilarity. If the distance metric is below a certain thresh-

randomly reinitialized layers and enabling a smooth transi- ©/d: meaning the similarity between the two are small, we
tion from one dataset to the other. conclude that the candidate bounding box contains the same

person in the query image. Our algorithm is illustratefd]|in 1.

Algorithm 1: ldentify person queried in the current
frame
Input: frame, query
Output: detection
Input : Picture frame, Query image
Output: The same person in the query image that
appears in the frame

queryFeature OSNet(query);

queryFeature Normalize(queryFeature);
personBoxes YOLO(frame);

foreach personin personBoxes do
personFeature OSNet(person);
personFeature Normalize(personFeature);

Figure 3: Architecture of OSNet with input image size distance ~queryFeature personFeature;

256 128[21] if distance< thresholdthen
detection person;
break;

return detection

Shown in Figurg 3. is an example architecture of OSNet
with input image siz&56 128 The randomly initialized
layers, or the classi er, we want to pre-trained is the fc layer 4. Dataset and Features
at the end of the network. We will experiment with varying
numbers of xed base epochs and maximum epochs to re- We are utilizing two datasets in this project: Market-

ne the model, ensuring it performs well on both datasets. 1501[16] and DukeMTMC-relD[18]. See sample images
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