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Abstract

Video-based person re-identification is the task of recognizing the same
person across different cameras and video clips. It is an important part of
automated surveillance systems because a person may disappear from one
camera, become partially blocked, or reappear later in another camera view.
This task is difficult because people can look different when the camera angle,
lighting, distance, background, or body pose changes.

This thesis studies how video-based person re-identification can be im-
proved under three practical deployment conditions. First, it presents a
resource-aware method for cases where only a small amount of labelled data
is available. The method begins with one labelled video clip per person and
gradually adds reliable, automatically labelled examples to improve training
while keeping the model efficient. Second, it develops a fully supervised
method for cases where labelled training data are available. This model uses
information from the entire video sequence as well as local body-region details
to improve recognition under occlusion, pose changes, and background clutter.
Third, it introduces a transfer-based method for cases where a model trained
on one camera network must be used in another network without new manual
labels. This method helps the model recognize people more reliably when the
camera setup, viewing angle, lighting, or background changes.

Experiments on several video-based person re-identification datasets show
that the proposed methods improve performance under different levels of
supervision, computational cost, and camera variation. Overall, the thesis
provides a practical study of how video-based person re-identification systems
can be designed for label-scarce, fully labelled, and cross-camera deployment

settings.
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Chapter 1

Introduction

The rapid development of surveillance systems has been crucial in meeting
the growing public demand for public safety from government agencies and
law enforcement authorities. Widespread camera networks are increasingly
prevalent in urban areas, including the downtown core, transit hubs, and
commercial districts, playing a vital role in maintaining community safety by
discouraging criminal activity, aiding emergency response, and supporting
public order. As human behaviour is recorded in surveillance systems, the
need to track individuals across multiple locations becomes apparent, making
it an essential next step in improving surveillance measures for people of
interest.

Since most surveillance systems rely on multiple cameras, tracking indi-
viduals from one frame to the next requires identifying the same individual
across many video tracklets (i.e., sequences of video frames that capture an
individual’s movements). Person re-identification (Re-ID) is crucial in this
process. The goal of Re-ID is to accurately re-associate tracklets belonging to
the same individual, including fragmented paths across cameras and reap-
pearances within the same network. Re-ID must remain reliable under various
conditions, including partial occlusion, scale variations, viewpoint changes,
illumination variations, combined viewpoint and scale changes, and pose
variations, as illustrated in Figure 1.1. Currently, most surveillance systems

rely on human monitoring and analysis, a process that is time-consuming
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(E)

FIGURE 1.1: Examples of challenging conditions in person

re-identification: (A) The same person under partial occlusion

of different body regions. (B) The same person at different

scales. (C) The same person from different viewpoints. (D)

The same person under different illuminated conditions. (E) A

combination of scale and viewpoint variations. (F) The same
person in different body poses.

and may be prone to inaccuracies under these conditions. Hence, establishing
autonomous Re-ID solutions can help minimize the impact of these variations
and more accurately predict an individual’s movements across all tracklets.
The complexity of accurately identifying people repeatedly from various
conditions has sparked substantial scientific interest. This ability is essential
for comprehensive monitoring, enabling authorities to track an individual’s
movements across wide regions effortlessly, thereby improving public safety
and security measures.

Initially, Re-ID systems were predominantly image-based due to simpler
acquisition settings and algorithms centered on static appearance matching. In

image-based Re-ID, the task is typically formulated as retrieving all images of
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a person of interest from a gallery using one still image as the query. While this
formulation is simpler and more effective in controlled settings, it has inherent
limitations because it only provides a single visual snapshot of a person. As a
result, a person’s appearance is heavily influenced by momentary factors such
as viewpoint, pose, occlusion, blur, and illumination. For example, a person
photographed from the front in one image may appear very different when
observed later from behind, or from different angles, making direct matching
less reliable if only a single still image is available.

In contrast, video-based Re-ID benefits from the temporal continuity of
a tracklet, where the same person is observed across multiple consecutive
frames. It provides a more detailed and reliable representation of a person
because the different frames may capture complementary visual information.
As a person moves, the sequence may reveal multiple body orientations,
allowing the Re-ID model to observe characteristics that would not be visible
in a still image, such as the transition from a back-facing to a front-facing
view. Similarly, if one frame occludes a body part, another frame in the
same sequence may show it. As a result, video-based Re-ID is better suited
for surveillance applications because it can aggregate information over time,
reduce reliance on a single outlier frame, and produce more reliable identity

matching across multiple viewpoints, pose variations, and partial occlusions.

1.1 Study Context and Rationale

In recent years, video-based Re-ID has received considerable attention, but
its roots may be traced back to multi-target multi-camera tracking (MTMCT),
developed over a decade ago [1]. MTMCT is intended to detect whether a
person is present in the field of view of various non-overlapping cameras
(Figure 1.2). Although image-based Re-ID has historically been the preferred

method, video-based Re-ID is currently attracting growing attention from
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FIGURE 1.2: Multi-camera surveillance network illustration of
person Re-ID.

the academic community. This shift is due to its ability to give rich tempo-
ral information, resulting in a more comprehensive portrayal of a person’s
movements over time. A single image cannot adequately represent a lengthy
video sequence, especially given the improvements in tracking reliability.
Therefore, using the full video sequence provides a richer and more reliable
representation of an individual’s appearance and movement over time.
Nevertheless, despite the tangible benefits of video-based Re-ID, it en-
counters other substantial obstacles. These issues can pertain to both general
computer vision tasks and those specialized to the specific needs of Re-ID.
Common difficulties include changes in illumination [2], occlusion [3], [4],
background clutter [5], as well as scale and resolution variations [6], [7].
While background clutter refers to irrelevant objects that create visual in-
terference, occlusion occurs when objects overlap, potentially resulting in
errors. Moreover, the resolution variability between cameras can diminish
the quality of an individual’s features, while lighting alterations can modify a

person’s visual appearance, both of which make consistent identification more
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FIGURE 1.3: The number of person Re-ID papers on top
conferences and journals over recent years.

challenging. In addition, misalignment of body parts, divergent viewpoints,
and an individual’s different poses are all video-based Re-ID-specific chal-
lenges that diminish model accuracy and lead to identification errors [8], [9].
Furthermore, achieving camera-viewpoint invariance remains a significant
challenge, despite being partially addressed by current video-based Re-ID
implementations.

All of these challenges shape the robustness and universality of present
Re-ID models. Such models may excel under controlled conditions where
these challenges are minimized, but real-life scenarios inevitably present these
issues. Therefore, for Re-ID systems to be genuinely effective, they must
address these challenges. Overcoming them is essential to developing robust,
reliable Re-ID systems that perform consistently in diverse, uncontrolled
environments. Figure 1.3 shows that person Re-ID remains a well-established
and active research area, with a steady stream of publications in major

conferences and journals over recent years.
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1.2 Research Objectives and Scope

This thesis studies person re-identification in an exclusively video-based
context, with an emphasis on realistic deployment constraints in multi-camera
surveillance networks. In practice, Re-ID is typically invoked as a
re-association module when a tracker loses confidence due to occlusion,
disappearance from the field of view, fragmented trajectories, or a person
reappearing in another camera. This thesis is organized around two
deployment axes: the severity of viewpoint and domain variations across
cameras and the level of computational and annotation resources available.
From this perspective, three gaps motivate this work. First, many recent
approaches rely on increasingly large, resource-intensive models, while
practical deployments often require lightweight, cost-sensitive solutions.
Second, much of the literature still emphasizes older benchmarks, even
though newer datasets are larger, more diverse, and more challenging in
viewpoint and scale variations. Third, real deployments often have labelled
data for one camera network but not for a new target network, creating a
domain-shift problem due to differences in viewpoint, illumination, and
camera setup.

Figure 1.4 clarifies the scope of this thesis within a complete surveillance
system. Although the figure illustrates one example of identity recovery after
tracking failure, the broader problem studied in this thesis is video-based
person Re-ID within a camera network, including both fragmented trajectories
within a single camera and the re-association of a person who reappears in
another camera. Accordingly, tracking is assumed to be handled beforehand,
and the contributions of Chapters 4-6 are studied as three operating regimes
of the same broader video-based Re-ID problem rather than solutions to the
full end-to-end surveillance pipeline.

Rather than treating Chapters 4-6 as three unrelated models, this thesis
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(A) Object detection stage, where the system detects pedestrians using green bounding boxes.
(LY

(B) Tracking stage, where the tracker (denoted as the yellow box) assigns an identity to each
detected person.

(C) Tracking failure stage, where the tracker loses identities #31 and #33 and assigns them
new identities #42 and #44.

(E) Re-identification stage, where the pedestrians #42 and #44 are matched back to #31 and
#33 respectively.

FIGURE 1.4: End-to-end real-time person Re-ID pipeline show-
ing detection, tracking, tracking failure, and identity recovery
through Re-ID.
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frames them as three operating regimes of the same broader video-based
person Re-ID problem. The unifying perspective is that practical Re-ID
design is governed mainly by two deployment axes: the severity of viewpoint
and domain variations across cameras, and the level of computational and
annotation resources available. From this perspective, the literature reveals
three corresponding gaps. First, many recent methods rely on increasingly
large, resource-intensive models, which motivates Chapter 4, where we study
a cost-sensitive regime with minimal labelling, lightweight backbones, and
reduced training complexity. Second, much of the literature still emphasizes
older benchmarks, while newer datasets introduce a larger scale, stronger
variability, and more challenging viewpoint conditions. This inspires Chap-
ter 5, which studies the ideal, fully supervised regime and explores how far
accuracy can be pushed when resource constraints are relaxed. Third, real
deployments often have labelled data for one camera network but not for a
new target network, creating a domain-shift problem due to differences in
viewpoint, illumination, and camera setup. This leads to Chapter 6, where
transfer-based adaptation is examined to reduce the need for new labelling.
These three regimes, when combined, form a unified thesis: video-based
person Re-ID should be designed as a series of solutions tailored to different
combinations of viewpoint variation, resource availability, and deployment
constraints rather than a single fixed solution.

Consequently, the scope of this thesis is limited to video-based Re-ID
under these three operating regimes and their corresponding architectural
parameters. It is assumed that tracking is performed beforehand and that an
individual’s appearance remains reasonably consistent throughout the surveil-
lance period. To keep the Re-ID problem operationally tractable in practical
deployments, this thesis also adopts a sliding-window gallery assumption.
Under this assumption, the gallery cannot grow indefinitely; instead, identities

are maintained only within an active temporal window and are removed once
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TABLE 1.1: Summary of the three operating regimes studied in

this thesis.

Regime Setting Gap Objective

Cost-sensitive / | Minimal labels, limited re- | Recent methods often rely onlarge | lightweight and efficient video
one-shot sources. and resource intensive models. RelD solution.

Ideal Full labels, relaxed resource | The literature still emphasizes | Maximize retrieval accuracy on
supervised constraints. older and less challenging | newer and more challenging

datasets. benchmarks.
Transfer / adap- | Labelled source, unlabelled | Limited robustness to domain shift | Reduce target-domain labelling
tation target, and severe domain | in new camera-network setups. requirements while improving
and viewpoint shift. cross-domain robustness.

they are no longer relevant to the current surveillance event.

Importantly, even within this active temporal window, the number of
identities present in the system is not known in advance. New individuals
may enter the camera network at any time, while others may leave, become
occluded, or disappear from the active surveillance area. Therefore, the Re-ID
system must operate under an open-set condition in which the active gallery
size is bounded by time but the number of identities at any given moment
remains variable and unknown.

This can be implemented, for example, by clearing identities at the end of
an operational period or after a predefined inactivity timeout. Consequently,
if the same person reappears after the window expires, the system treats
that observation as a new identity instance rather than enforcing long-term
identity persistence across arbitrarily long time spans. This assumption
does not eliminate the open-set nature of person Re-ID, since new identities
may still appear at any time within the active window, but it bounds the
gallery size and clarifies that the thesis focuses on video-based Re-ID under
temporally managed gallery growth rather than lifelong identity tracking.
Given the complexity of Re-ID, this thesis does not attempt to address all
challenges simultaneously; instead, it isolates and studies representative
operating regimes to clarify the trade-offs between efficiency, accuracy, and

cross-domain robustness.
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1.3 Significance and Contributions

Problem statement. Given a set of video tracklets produced by trackers
operating on a network of non-overlapping cameras, the central problem
addressed in this thesis is to re-associate tracklets that belong to the same iden-
tity over time and across cameras. This re-association is essential in practical
systems where tracking fragments occur due to occlusions, targets leaving and
re-entering the field of view, or changes in viewpoint across cameras. While
video tracklets provide richer temporal cues than single images, they also
raise computational demands and expose additional generalization issues.
In addition, this thesis considers Re-ID under a temporally bounded gallery
setting, where new identities may enter the active surveillance window, but
the system is not designed to maintain an unbounded identity gallery over
arbitrarily long durations.

Research gap. As outlined in Section 1.2, the thesis is motivated by the
mismatch between benchmark-oriented video Re-ID research and practical
deployment requirements. In particular, the work focuses on how video-
based Re-ID models can be designed under different levels of supervision,
computational capacity, and cross-camera or cross-domain variation.

Contributions. This thesis makes several contributions toward bridging

these gaps:

* Resource-efficient one-shot video Re-ID (Chapter 4). An unsupervised
video-based Re-ID approach that leverages progressive labelling and
learning to incorporate unlabeled data iteratively is proposed in this
thesis. The design emphasizes practical deployment by supporting
lightweight backbone options and assuming manual labelling is expen-
sive. Also, a practical labelling mechanism consistent with entry-point

monitoring is established, allowing a one-shot template per identity to
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be acquired by assigning a new label when a person crosses a designated

entry camera.

¢ Fully supervised transformer-based video Re-ID (Chapter 5). In this
thesis, a supervised transformer-based model is presented to repre-
sent tracklets using spatiotemporal features derived from both global
sequence-level cues and local body-region cues. Also, this chapter
integrates a comprehensive matching pipeline, including re-ranking
strategies drawn from literature, to strengthen retrieval performance

when labelled data and computational resources are available.

* Semi-supervised transfer for challenging domain and viewpoint shifts
(Chapter 6). This thesis introduces a semi-supervised architecture that
combines transformers with adversarial learning to better handle intra-
and inter-domain shifts. This setting is driven by newer, more chal-
lenging benchmarks, including large-scale, cross-platform evaluation
protocols, where robustness to severe viewpoint change is a primary

requirement.

¢ Unified analysis across operating regimes. Across Chapters 4-6, a
consistent experimental and analytical perspective is provided, clarify-
ing the manner in which design choices trade accuracy for efficiency
and how adaptation mechanisms become necessary as viewpoint and

domain shifts become more extreme.

Publication. Parts of this thesis have resulted in one peer-reviewed

publication:

e H. Alghamdi, W. El Ahmar, and R. Laganiere, “Deep Transductive
Learning for Person Re-Identification,” in Image Analysis and Processing —

ICIAP 2025, Springer Nature Switzerland, 2026, pp. 512-524 [10].
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1.4 Thesis Structure

This thesis is structured into seven chapters. Chapter 1 introduces person
Re-ID, advocates a video-based setting, and outlines the problem statement,
objectives, scope, and contributions. Chapter 2 reviews the relevant literature,
starting from deep learning in computer vision and narrowing to image-based
and video-based person Re-ID, with emphasis on the limitations that support
this thesis. Chapter 3 presents the experimental methodology, including
datasets, evaluation protocols, and metrics used throughout the thesis.
Chapter 4 presents the resource-efficient one-shot video Re-ID model de-
signed for deployments where labelled data is unavailable and computational
resources are constrained. Chapter 5 presents the fully supervised transformer-
based model and focuses on maximizing accuracy under the assumption that
labelled training data is available. Chapter 6 presents the semi-supervised
transfer learning model designed to improve robustness under strong domain
and viewpoint shifts, including newer, more challenging evaluation settings.
Finally, Chapter 7 concludes the thesis by summarizing the main findings and

outlining limitations and future research recommendations.
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Chapter 2

Literature Review

This chapter reviews the literature most relevant to video-based person
re-identification (Re-ID) and to the three learning regimes studied in this
thesis. It begins with a concise discussion of background concepts that
directly support later chapters, including efficient convolutional backbones,
attention and transformer-based sequence modelling, and transfer-oriented
learning under domain shift. The chapter then reviews person Re-ID more
broadly, including feature extraction, metric learning, and the main challenges
that affect identification reliability. Finally, it focuses on video-based person
Re-ID, with particular emphasis on recent unsupervised, supervised, and
transfer-based methods that motivate the methodological choices developed

in Chapters 4, 5, and 6.

2.1 Background Concepts Relevant to Video-Based
Person Re-ID

This section provides only the background concepts that are directly relevant
to the methods developed later in this thesis. Rather than offering a general
tutorial on deep learning, it focuses on the architectural and learning ideas

that recur in modern video-based person re-identification (Re-ID), namely
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FIGURE 2.1: Squeeze-and-excitation, self-attention, and multi-
head self-attention blocks [12], [13].

convolutional backbones for efficient feature extraction, attention and trans-
former mechanisms for sequence modelling, and transfer-based learning

under domain shift.

2.1.1 Backbone Architectures for Re-ID

Early deep person Re-ID methods were predominantly built on convolu-
tional neural networks (CNNs), which remain attractive when computational
efficiency is important. In particular, residual CNN backbones, such as
ResNet, provide strong visual representations while remaining practical for
lightweight or resource-aware deployments. This is especially relevant in
video Re-ID settings, where multiple frames must be processed for each
tracklet, where the overall cost of feature extraction becomes significant [11].

Recent work increasingly relies more on attention-based models ( Fig-
ure 2.1). Attention mechanisms allow the network to emphasize informative
regions or frames while suppressing irrelevant content such as background

clutter, occlusion, or uninformative temporal segments [14], [15]. This is
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[16].

particularly useful in Re-ID because identity evidence is often unevenly
distributed across a person’s body and across frames within a tracklet.
Transformers extend this idea by modelling long-range interactions
through self-attention. After the introduction of the Vision Transformer (ViT)
( Figure 2.2), transformer-based models became increasingly important in
visual recognition because they represented images as sequences of tokens
and captured global context with more flexibility than conventional CNNs
[13], [16]. In video Re-ID, this makes transformer backbones especially
suitable for integrating spatial and temporal cues across multiple observations
of the same person. As a result, CNNs remain relevant in resource-constrained
regimes, while transformer-based backbones become increasingly important

in high-accuracy and domain-robust video Re-ID settings.

2.1.2 Temporal Modelling in Video Re-ID

A key distinction between image-based and video-based Re-ID is that video
tracklets provide multiple observations of the same identity over time. This

allows the model to exploit temporal continuity, pose variation, and viewpoint
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Model mAP CMC-1 CMC-5 CMC-10 CMC-20
Image-based 81.3 92.6
Pooling 75.8 83.1 92.8 95.3 96.8
Attention 76.7 83.3 93.8 96.0 97.4
LSTM 72.0 80.4 92.7 94.9 96.9
GRU 70.5 79.7 91.5 93.8 95.3

TABLE 2.1: Video Re-ID sequence modelling comparison (after
Gao et al. [19]).
changes across frames, rather than relying on a single still image. The
challenge, however, is how to aggregate frame-level evidence into a stable
and discriminative tracklet representation.

Early sequence modelling methods often relied on recurrent neural net-
works (RNNs), particularly LSTM and GRU variants, to encode temporal
dependencies [17], [18]. While these models were useful for sequential
reasoning, later studies in video Re-ID showed that simple pooling and,
more importantly, attention-based aggregation, often outperformed recurrent
alternatives because they focused more effectively on informative frames and
were easier to optimize at scale. Table 2.1 represents an example in which
attention-based aggregation produces stronger retrieval performance than
LSTM and GRU sequence modelling [19].

This transition from recurrent modelling to attention-based aggregation is
important for this thesis. It explains why later video Re-ID methods increas-
ingly rely on spatiotemporal attention and transformer-based representations

rather than classical sequence encoders.

2.1.3 Learning Regimes and Domain Adaptation

Video Re-ID has been studied under multiple learning regimes with varying
amounts of supervision. In fully supervised settings, identity labels are

available for all training tracklets, which allows the model to learn strong
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identity-discriminative representations. In weakly supervised or one-shot
settings, only limited identity information is available, forcing the acquisition
of training signals through pseudo-labelling, iterative refinement, or conserva-
tive expansion of the labelled set. In transfer-based settings, labelled data may
exist only in a source domain, while the target deployment domain remains
unlabelled and differs in viewpoint, illumination, background, and camera
characteristics.

This distinction is central to the structure of this thesis. Later chapters study
three complementary deployment regimes: resource-aware learning with
minimal supervision, supervised video Re-ID with stronger spatiotemporal
modelling, and transfer-oriented learning under domain and viewpoint shifts.
For this reason, only the learning paradigms that directly support these
regimes are summarized here.

A common mechanism in label-scarce settings is self-training, in which a
model trained on a small labelled set generates pseudo-labels for unlabelled
samples and is retrained iteratively [20]. In Re-ID, such strategies are espe-
cially relevant because manual annotation of video tracklets is expensive and
large camera networks naturally produce a large volume of unlabeled data.

Transfer learning, often referred to as "domain adaptation" in the Re-ID
literature, addresses the case where a labelled source domain is available
but the target deployment domain has no identity annotations. Figure 2.3
provides a schematic taxonomy of deep transfer learning adapted from Tan
et al. [21]. The figure can be interpreted as four common mechanisms for
knowledge transfer. In instance-based transfer, source samples are selectively
reused or reweighted according to their relevance to the target domain. In
mapping-based transfer, the source and target data are projected into a shared
latent space to reduce the distribution gap between them. In network-based
transfer, part of a source-trained model is reused and fine-tuned for the target

task. In adversarial-based transfer, a feature extractor is trained to produce
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FIGURE 2.3: Schematic overview of four deep transfer learning

mechanisms: instance-based sample reweighting, mapping-

based shared-space alignment, network-based parameter trans-
fer, and adversarial domain alignment [21].

representations that are useful for the main task while remaining difficult for
a domain discriminator to separate [22], [23].

In adversarial transfer learning, typical strategies include gradient-reversal
methods that encourage domain confusion, minimax formulations that al-
ternate between feature learning and discriminator updates, and generative
approaches that reduce appearance discrepancies by synthesizing source- or
target-like samples [24].

Overall, these background concepts motivate the later literature review
and the methodological choices developed in this thesis: efficient CNN-based
representations remain relevant when resources are constrained, attention
and transformers provide stronger sequence modelling for video Re-ID, and
transfer-based learning becomes necessary when deployment conditions differ

substantially from the source training domain.
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2.2 Person Re-ID

In an image retrieval task, person Re-ID retrieves images from a dataset (the
gallery) that match a query image (the probe). To achieve this, the system must
learn discriminative features to distinguish individuals. Early representative
techniques relied on handcrafted feature extraction and saliency modelling
[25], [26], [27], [28]. Similarity-measure-based methods were also common, in-
cluding large margin nearest neighbour with rejection, mirror representation,
and constrained asymmetric multitask discriminant component analysis [29],
[30], [31].

After the introduction of deep learning to Re-ID around 2014, Yi et al.
and Li et al. were among the first to adopt deep models for the task [32],
[33]. While Li et al. proposed a filter pairing neural network, Yi et al. used
a CNN-based framework, which became a common backbone choice for
subsequent methods.

At the system level, person Re-ID is used during inference after people
have been detected in camera streams. As shown in Figure 2.4, the pipeline
begins with one or more camera streams, followed by a person detection stage
that extracts bounding boxes around visible pedestrians. These bounding
boxes are not ideal or uniform person images: they may have different
resolutions, include background pixels, and capture different visible body
regions depending on viewpoint, occlusion, detector quality, and camera
distance. In some cases, a bounding box may contain the full body, while in
others it may contain only the torso or another partially visible region.

For video-based Re-ID, detections belonging to the same person within a
camera are then associated over time to construct tracklets. A trained Re-ID
model then extracts a descriptor from each tracklet, and these descriptors are
compared against gallery descriptors to rank possible identity matches. The

final stage associates the query tracklet with the best-matching identity or
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treats it as a new identity when no reliable match is found.
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FIGURE 2.4: Person Re-ID inference pipeline. The tracker first
extracts pedestrian bounding boxes from camera frames. These
crops may vary in resolution, include background pixels, and
contain different visible body regions. Detections are then
concatenated over time to form tracklets. A trained Re-ID model
extracts descriptors from the resulting tracklets, and matching is
performed against the gallery to associate identities.

This imperfect crop-generation process is one reason person Re-ID remains
challenging in practical systems: the model must compare detections that may
differ not only in identity-relevant appearance, but also in crop quality, scale,

background content, and visible body extent.

2.2.1 Feature Extraction

This subsection discusses four feature extraction strategies. The first uses
global features, which are straightforward but often less discriminative. The
second uses local representations, which can be more fine-grained but also
sensitive to occlusions and background clutter. The third uses attention-
driven features, which suppress background and highlight discriminative
regions, but may fail if attention is mislocalized. Finally, pose estimation
introduces explicit body-part alignment cues but depends on the quality of

pose detection.
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Global Features

By extracting a feature vector for the whole image, we obtain a global rep-
resentation, as illustrated in Figure 2.5(A). Gray and Tao presented an early
method for viewpoint-invariant pedestrian recognition using AdaBoost [34].
Farenzena et al. proposed an appearance-based method using chromatic
content, spatial arrangement, and recurrent motifs, weighted by symmetry
and perceptual asymmetry [35]. Liao et al. proposed local maximal occurrence
(LOMO) to extract handcrafted horizontal local features to tackle viewpoint
changes [36].

In their earlier work, Zhao et al. proposed salience and patch matching
and penalized inconsistent salience [26]. In later work, Zhao et al. proposed a
view-invariant approach using discriminative learned mid-level filters [37].

While handcrafted methods dominated early global feature learning, CNN-
based Re-ID methods are now prevalent. Wang et al. proposed a framework
tusing single-image representation (SIR) and cross-image representation (CIR)
[38]. Zheng et al. introduced the ID-discriminative embedding (IDE) descrip-
tor by treating each identity as a class in a multi-class classification setup
[39]. Qian et al. emphasized the value of multi-scale cues for discriminative

representation learning in video Re-ID [40].

Local Features

Instead of extracting one global feature vector, an image can be divided
into regions to obtain part-based descriptors. Sun et al. proposed PCB by
partitioning feature maps into uniform horizontal stripes and using refined
part pooling (RPP) to improve part consistency [41]. Song et al. extended
this direction with domain-invariant mapping (DIMN) [42]. Sun and Zheng
incorporated pedestrian rotation angle information to address viewpoint

effects [43]. Varior et al. proposed a context-aware Siamese network with
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LSTM-based temporal modelling, minimizing distances for positive pairs and

maximizing distances for negative pairs [44].

Attention-driven Features

Global and local features may still treat background and foreground similarly.
However, background often provides little value for matching and may
introduce noise. Attention mechanisms aim to focus on identity-relevant
regions while suppressing background, as illustrated in Figure 2.5(C) [45].

Li et al. proposed harmonious attention by combining pixel-level and
channel-wise attentions [46]. Wang et al. introduced a fully attentional block
generating both channel-wise and spatial-wise attention and combined triplet,
focal, and attention losses [47]. Song et al. used background suppression
in mask-guided contrastive attention, while Chen et al. used reinforcement
learning signals to assess attention quality [5], [48].

Attention can also be leveraged across multiple images during training. Si
et al. proposed DuATM using inter- and intra-sequence attention for feature
alignment and sequence comparison [49]. Zheng et al. proposed CASN to
enforce attention consistency across similar images [50]. Zhou et al. proposed
a consistent attention regularizer to produce inter-class foreground masks
[61]. Chen et al. used CRF-based group similarity, and Luo et al. used

spectral/graph clustering to exploit inter-image relationships [52], [53].

Pose Estimation

Body part misalignment motivates pose-guided representations. Suh et al.
fused appearance and part feature maps to align corresponding parts [54].
Zhao et al. detected discriminative body parts and aggregated part-level
similarities [55].

Other approaches incorporate multi-channel or multi-scale cues. Cheng et

al. learned global and local features jointly, and Li et al. proposed MSCAN
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FIGURE 2.5: Person Re-ID feature extraction strategies.

using multiple receptive fields via different kernel sizes [56], [57]. Zhao et al.
proposed SpindleNet to decompose and fuse features across stages [58].
Pose estimation can also reduce sensitivity to background clutter. Su et
al. proposed PDC to learn representations from the whole image and local
parts [59]. Xu et al. proposed AACN using pose-guided part attention and
attention-aware feature composition [60]. Zhang et al. introduced DSAG-
Stream to guide learning toward semantically aligned features, while Guo et
al. learned dual part-aligned representations for human parts and non-human

objects [61], [62].

2.2.2 Metric Learning

This subsection discusses two categories of metric learning in Re-ID. The first
includes classical metric learning methods, which were common before deep
embeddings became dominant. The second includes deep embedding-based

metric learning objectives, which are now standard in modern Re-ID pipelines.

Classic Metric Learning

¢ Mahalanobis Distance: A generalized multi-dimensional form of Eu-
clidean distance. The distance between two vectors X and Y uses the

covariance matrix S, as shown in Equation 2.1:

D(X,Y)=(X-Y) S(X-Y) 2.1)
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FIGURE 2.6: Identification loss versus verification loss.

Kostinger et al. and Zheng et al. used Mahalanobis-distance formula-
tions (Equation 2.1) as a basis for metric learning [63], [64]. K&stinger
et al. proposed KISSMe, which derives the metric from a log-likelihood

test and remains a widely used baseline [63].

* Support Vector Machine (SVM): SVM-based learning is widely used
for classification and ranking. Liu et al. used weak RankSVMs combined
into a stronger ranker, and Prosser et al. used ensemble learning to
optimize weights [65], [66]. Zhang et al. proposed LSSCDL to learn
identity-specific mappings using SVMs [67].

* Boosting: Boosting combines weak classifiers into a stronger one and
can learn nonlinear boundaries. Gray and Tao implemented AdaBoost

to combine weak similarities into a robust similarity function [34].

Deep Metric Learning

Deep Re-ID pipelines commonly combine identification-style classification
objectives with verification-style similarity objectives. Figure 2.6 contrasts

these two learning signals.

¢ Identification Loss: When each identity is treated as a class, Re-ID can be

optimized as a classification problem, as described by Zheng et al. [68].
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Identification loss ¢;; is often implemented as a cross-entropy objective,

as shown in Equation 2.2:

lig (x,C) Z x; log(C (2.2)

Representative examples of identification-loss-based training in Re-ID
include prior work on adversarial learning, camera-aware learning,
and embedding refinement [3], [50], [53], [69], [70], [71], [72], [73], [74],
[75]. Wojke and Bewley used a cosine softmax variant, and Fan et al.
proposed SphereRelD with sphereLoss [76], [77]. Luo et al. used an
additive margin softmax variant in a Re-ID setting [53]. Zheng et al. and
Luo et al. adopted label smoothing, and Miiller et al. discuss its effect

on calibration and generalization [73], [78], [79].

¢ Verification Loss: Verification objectives treat Re-ID as a retrieval prob-
lem by pulling similar samples closer while pushing dissimilar samples
apart, as discussed by Lecun et al. [80]. A contrastive-style verification

loss can be written as Equation 2.3:

Oy (x,y) = (1— ) D2, + p (max {0, — Dyy })? 2.3)

This loss can be used for similarity regression or binary verification, as
in representative Siamese-style Re-ID formulations [33], [38], [44], [50],
[68], [75].

Hermans et al. introduced triplet loss, which extends verification learn-
ing by using an anchor x, a positive y, and a negative z, as shown in

Equation 2.4 [81]:

Cryi (x,y,2) = max {0,& + Dy, — Dy} (2.4)
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Shi et al. and Hermans et al. discuss weighting and hard mining strate-
gies to improve discriminability, and triplet loss is widely adopted in

Re-ID pipelines [5], [7], [54], [81], [82].

* Loss Fusion: Since identification loss increases inter-class separation
and verification-style losses reduce intra-class variation, combining both
often yields stronger embeddings. Figure 2.7 illustrates this intuition.
Representative examples combine identification with Siamese-style veri-
tication or with triplet loss. [42], [44], [47], [48], [51], [52], [61], [62], [68],
[75].

2.2.3 Challenges

Re-ID challenges fall into two broad categories. The first includes common
visual issues such as occlusion, background clutter, scale/resolution changes,
illumination variations, and generalization. The second includes challenges
that are especially critical for person Re-ID, such as viewpoint variations,
body-part misalignment, and pose variations. Figure 2.8 summarizes these
challenges visually.

Occlusion occurs when a target is partially obstructed by objects or other

pedestrians. In retrieval settings, occlusion can cause extracted features to
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FIGURE 2.8: Examples of common visual challenges and chal-

lenges especially critical for person Re-ID, including occlusion,

background clutter, resolution variation, illumination variations,

pose variations, body-part misalignment, and viewpoint varia-
tions.

include irrelevant information, leading to errors if the model fails to focus on
visible identity cues. Early approaches improved robustness by using body
part-based matching and discarding [41], [83]. Miao et al. used attention,
guided by pose landmarks, to focus on shared visible regions, and Hou et
al. exploited spatio-temporal cues to recover occluded information using
temporal attention and adjacent frames [4], [84].

Background clutter introduces irrelevant visual noise, complicating the
separation of a person from the environment. This can be mitigated using
part-based matching, foreground awareness, and background suppression
[51], [85], [86], [87].

Variations in appearance due to illumination and resolution changes can
significantly affect low-level cues such as texture and colour. These issues
can be addressed via supervised learning, colour-invariant transforms, or
self-supervised /generative augmentation to reduce domain gaps between
degraded and clean observations [6], [7], [88], [89].

Body-part misalignment and pose variations further complicate matching.
If body parts are not aligned between probe and gallery images, feature
correspondence becomes unreliable. Cho et al. proposed pose-aware ap-

proaches that classify pose (front/back/side) to reduce ambiguity, while Xu
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et al. proposed pose-guided attention models to learn alignment-invariant
representations [60], [90].

Finally, the camera viewpoint challenge is a core difficulty in Re-ID: the
model must operate across non-overlapping cameras with different angles,
scales, and background statistics. While complete viewpoint invariance re-
mains difficult, many modern approaches incorporate mechanisms to reduce

viewpoint sensitivity [91], [92], [93], [94].

2.3 Unsupervised Video-Based Person Re-ID

While the field of person Re-ID publishes dozens of research papers every
year, the number of studies specific to video Re-ID remains relatively low.
According to Wu et al. [72], most early unsupervised person Re-ID works were
image-based and relied on dictionary learning, graph matching, or metric
learning. Although the field has since evolved toward pseudo-labelling, clus-
tering, and domain-adaptive learning, this progress should not be interpreted
as a complete solution. Many unsupervised video Re-ID methods remain
highly sensitive to pseudo-label noise, depend on repeated clustering or
refinement stages, and are often evaluated mainly on standard benchmarks,
such as MARS and Duke. As a result, their reported gains do not always
translate into robust performance under stronger viewpoint shifts, larger
domain gaps, or resource-constrained deployment.

More broadly, unsupervised video Re-ID methods often face a three-way
tension between label reliability, temporal modelling, and computational
practicality. Methods that aggressively expand pseudo-labels may improve
coverage but also amplify early errors. Methods that introduce more sophis-
ticated refinement or domain adaptation mechanisms can reduce some of
this noise, but they often become more complex, less stable, and harder to

deploy. These limitations foster the need for approaches that remain effective
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under weak supervision while also being more explicit about efficiency and
generalization.

Early unsupervised video Re-ID methods were largely built around two
broad strategies: association-based learning and clustering-based learning.
Association-based approaches progressively expand supervision by linking
unlabelled tracklets to reliable anchors or previously estimated matches,
as in stepwise learning, EUG, ProLearn, and RACE [72], [95], [96], [97].
Clustering-based approaches partition the embedding space and use the
resulting clusters as surrogate identities, as seen in DGM, DBC, SSLR, TCPL,
SCL, and subsequent variants [92], [98], [99], [100], [101]. More recent methods
continue this direction while focusing more explicitly on hard matches, frame
quality, and label reliability, for example, through attention-guided refinement
or improved sampling strategies [102], [103].

Despite their historical importance, both techniques have clear limitations.
Association-based methods depend heavily on the reliability of early matches;
if the initial anchors are weak, identity errors can propagate through later
iterations. Clustering-based methods reduce manual supervision more ag-
gressively, but they are sensitive to feature quality, cluster purity, and the
assumed number or distinctive identities. In video Re-ID, these weaknesses
are further amplified by noisy frames, fragmented tracklets, and viewpoint
variations across cameras. Consequently, many early methods are effective
mainly when the benchmark structure is relatively favourable but become

less reliable when pseudo-label noise and cross-domain shift are more severe.

2.3.1 Addressing Pseudo-Label Noise and Domain Gaps

To offset performance degradation induced by noisy pseudo-labels and do-
main shifts, recent unsupervised and domain-adaptive Re-ID research has

converged on two complementary priorities: enhancing the reliability of
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pseudo supervision and narrowing cross-domain differences. Several research
studies actively purify or refine clustering-based labels on the pseudo-label
side by using teacher-student distillation, multi-view label generation, or
outlier-aware filtering. Such guidelines include distillation-driven purification
[104], multi-view pseudo-labelling with inter-/intra-cluster gap refinement
[105], and loss-based identification of out-of-distribution samples by temporal
ensembling and GMM modelling [106]. Other methods further increase
robustness by enhancing foreground cues and supplementing informative
signals under distracting conditions [107], while multi-granularity collabo-
ration reduces errors on hard instances by producing labels across multiple
embedding spaces [108].

In parallel, UDA-oriented strategies focus on bridging domain gaps under
increasingly realistic limitations. Source-free adversarial adaptation aims
for discriminative generalization without using source data or deals with
appearance-style mismatches [109]. Alternatively, online UDA frameworks
keep source-guided similarity to reduce loss during streaming adaptation
[110]. Efficiency has also been a focus; prototype-based flexible learning
can quickly create coarse supervision and reduce dependence on expensive
clustering [111]. Taken together, these limitations motivate the resource-aware
and domain-robust designs developed later in this thesis. In particular, they
highlight the need for methods that remain stable under noisy pseudo-labels
while also reducing the impact of cross-domain mismatch. Accordingly, the
approach studied later in this thesis emphasizes robustness to pseudo-label
noise through more reliable supervision signals and improved cross-domain
generalization through reduced feature discrepancy between domains.

Lastly, Liu et al. [112] introduce a weakly supervised tracklet associa-
tion learning approach using video labels for person re-identification. They
address the limitations of existing methods that rely heavily on expensive

manual labels or perform poorly in unsupervised settings. Their method
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focuses on weakly supervised learning, where tracklets are grouped into
bags and identified with video labels. They propose a Cross-Bag Tracklet
Association (CTAL) term to explore tracklet associations between bags by
mining reliable positive tracklet pairs and hard negative pairs. This approach
aims to balance the need for labelled data with recognition performance,

showing effectiveness on weakly labelled MARS and Duke datasets [112].

2.3.2 Transfer Learning and Domain Adaptation in Person

Re-ID

Transfer learning, often referred to as "domain adaptation" in the Re-ID
literature, addresses the setting where a labelled source dataset is available,
but the target deployment domain has no identity annotations. This setting
is particularly relevant in surveillance applications because collecting fully
labelled target-domain Re-ID data is expensive, while appearance variations
across cameras, sites, and capture conditions often prevent direct generaliza-
tion from one dataset to another.

A common strategy is to first train a model on a labelled source dataset
and then adapt the learned representation to an unlabelled target dataset. Ex-
amples of this approach include camera-invariant and mutual-learning-based
adaptation strategies, as well as methods that transfer similarity structures
or pseudo-label information across domains [74], [113], [114], [115]. These
methods demonstrate that transfer learning can reduce labelling requirements
substantially; however, their performance often degrades when the source
and target datasets differ strongly in viewpoint, scene layout, illumination, or
camera characteristics. This limitation is especially important in person Re-ID,
where domain gaps are often severe and generalization remains difficult.

As noted in prior work, transfer-based methods can perform well when the
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source and target domains are relatively similar, but their robustness declines
as the domain shift increases [116].

Compared with image-based Re-ID, transfer learning for video-based
person Re-ID remains relatively underexplored. Zahra et al. [117] report that
only a small portion of surveyed Re-ID projects explicitly address model
generalization or domain adaptation. Early studies were motivated in part by
the limited scale and diversity of existing datasets. After the introduction of
MARS [118], Xu et al. [119] explored domain adaptation in a reduced camera
setting using limited temporal information, while Meng et al. [120] extended
this direction by exploiting full tracklets from the source camera. These works
demonstrated the feasibility of transfer learning for video Re-ID, but they
remained relatively constrained in their adaptation settings.

One-shot or weakly supervised adaptation is a related approach. EUG [72]
was an influential early example of using minimal supervision to introduce
pseudo-labels into unlabelled data. Subsequent works extended this idea
through few-shot adaptation, iterative refinement, and cluster-based pseudo-
labelling [91], [103], [121], [122]. However, in many of these settings, the
source and target data are still drawn from the same dataset and differ mainly
by camera view or split, rather than by a true cross-dataset domain shift.

Only more recently have studies addressed transfer between genuinely
different video Re-ID datasets. Mekhazni et al. proposed CAWCL, which
combines a feature bank with a camera-discriminator network to reduce
cross-domain discrepancy [123]. Zhang et al. proposed DCCAL, which
incorporates segmentation-attentive learning to improve alignment between
source and target datasets [124]. These works represent important progress
toward realistic video-based domain adaptation, but they remain relatively
few compared with the broader supervised literature. An important remaining
gap is that transformer-based backbones, despite their strong performance

in supervised video Re-ID, are still underexplored in domain-adaptive video
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Re-ID. Recent supervised studies have shown the benefit of transformer-based
spatiotemporal modelling [125], [126], yet most transfer learning methods
for video Re-ID still rely on CNN-dominant or non-transformer adaptation
pipelines. This gap inspires the later parts of this thesis, particularly the
chapter on transductive video Re-ID, where domain-invariant representation

learning becomes a primary objective rather than a secondary refinement step.

2.3.3 Challenges and Emerging Trends

The task-specific nature of unsupervised Re-ID remains problematic and re-
quires tailored solutions. For example, Dong et al. [127] solve occluded-person
Re-ID by integrating multi-view information with a propagation technique to
manage missing or occluded body parts. Khaldi et al. [128] target the unique
problems of UAV-collected images—extreme viewpoints, low resolution,
and limited annotations—by proposing a three-stage unsupervised pipeline
(generative — contrastive — clustering) that learns view-invariant features
without labels and outperforms prior methods on drone datasets.

Recent design trends stress the importance of both robustness and practical-
ity. Nguyen et al. [129] propose Contrastive Viewpoint-aware Shape Learning
(CVSL), which uses 2D pose-derived shape cues and contrastive losses to
build texture-invariant, viewpoint-robust shape representations for long-term
Re-ID. Recent surveys and reviews show the field is broadening: Ma et al.
[130] analyze video Re-ID methods across data, algorithms, compute, and
real-world application challenges, highlighting issues such as scarce datasets,
constrained feature learning, and the need to scale to open-world scenarios. In
addition to this, more recent works [131], [132] examine multilinear subspace
learning to better preserve high-order structure in human representations,

hinting toward richer, more expressive feature spaces.
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To address specific challenges and emerging trends, several novel ap-
proaches have been proposed. Wang et al. [133] propose a Relation-Preserving
Feature Embedding (RPE) model that leverages structural relations among
samples to enhance unsupervised person Re-ID performance without re-
quiring annotations. Their approach integrates sample content and neigh-
bourhood structure relations by combining autoencoders and graph autoen-
coders. A key component is the relation and content information fusion (RCIF)
module, which dynamically merges information from both perspectives. To
address the lack of identity labels, they employ an adaptive optimization
strategy to update affinity relations among samples iteratively, rather than
reconstructing the entire affinity matrix. Rigorous experiments on widely
used benchmarks demonstrate the superiority of RPE over state-of-the-art
unsupervised methods [133].

Zhang et al. [134] introduce a Dual Representation Modelling and Pro-
gressive Contrastive Learning (DRMPCL) method for unsupervised video
person re-identification (USL-VRelD). This method addresses the diversity of
frames within tracklets and the uncertainty of tracklet representation quality.
It introduces a Dual Representation Modelling (DRM) module to obtain easy
and hard frames for reliable tracklet representations, a Discrepant Prototype
Contrastive Learning (DPCL) module to preserve intrinsic variety in tracklet
features, and a Multi-level Progressive Learning (MPL) strategy to promote
teature embedding from easy to hard at the frame level and from commonality
to diversity at the tracklet level. Their extensive experiments demonstrate
superior performance against state-of-the-art methods on Duke and MARS
datasets [134].

Overall, progress in pseudo-label purification, domain adaptation, and
domain-specific design is progressively narrowing the gap between unsu-
pervised and supervised Re-ID. Such advances make unsupervised methods

more practical in the real world, especially in niche scenarios like aerial Re-ID,
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MARS Duke

Method | Year s 7 T Rank-5 | Rank-20 | mAP | Rank-1 | Rank5 | Rank-20 | °'f€
OIM | 2017 | 1350 | 3370 | 48.10 - 4380 | 5110 | 70.50 - 135
Stepwise | 2017 | 19.65 | 41.21 | 5555 | 6676 | 46.76 | 5626 | 7037 | 7920 | [95]
RACE | 2018 | 2450 | 4320 | 5710 | 67.60 | - - - - [97]
DAL | 2018 | 23.00 | 4930 | 6590 | 7790 | - : - T 1136]

EUG 2018 | 42.45 | 62.67 74.94 82.57 | 6323 | 72.79 84.18 91.45 [72]

PGOR | 2018 | 46.51 | 66.50 76.38 84.69 | 6842 | 7247 86.38 94.45 [52]
PL 2019 | 42.60 | 62.80 75.20 83.80 | 63.30 | 72.90 84.30 91.40 [96]
DGM 2019 | 16.87 | 36.81 54.01 68.51 | 33.62 | 42.36 57.92 69.31 [98]
DBC 2019 | 43.80 | 64.30 79.20 87.80 | 66.10 | 75.20 87.00 - [99]
TCPL 2020 | 43.60 | 65.20 77.50 - 67.90 | 76.80 87.80 - [100]
SSLR 2020 | 43.60 | 62.80 77.20 - 69.30 | 76.40 88.70 - [92]
SCL 2022 | 46.60 | 66.60 77.00 - 78.40 | 82.20 93.20 - [101]
SRC 2022 | 40.50 | 62.70 - - 76.50 | 83.00 - - [103]
TASTC | 2023 | 47.20 | 65.60 - - 68.20 | 76.80 - - [137]
MPC 2023 | 71.40 | 81.60 - - 87.30 | 89.30 - - [108]
CAWCL | 2023 | 44.80 | 62.20 - - - - - - [123]
RPE 2024 | 40.40 | 63.30 7540 80.60 | 71.50 | 77.80 89.30 91.70 | [133]
Weakly | 2024 | 75.2 83.9 93.6 95.5 87.4 89.7 97.2 98.0 [112]
DCCAL | 2024 | 74.50 | 84.00 - - 91.40 | 93.00 - - [124]
DRMPCL | 2025 | 71.6 82.0 91.1 93.4 92.7 94.0 98.6 99.4 [134]

TABLE 2.2: Unsupervised video Re-ID methods on MARS and
Duke (2017-2025).
where there isn’t enough labelled data yet [128], [130].

Table 2.2 show the performance trend of the two most frequently reported
video Re-ID benchmarks, but it also reveals an important limitation of the
literature itself. First, most methods are still compared mainly on MARS and
Duke, which means the field has a much clearer ranking on these datasets
than on newer and more challenging benchmarks. Second, several entries
report incomplete metrics or omit one of the datasets entirely, which makes
direct comparison less reliable. Third, strong improvements on MARS do not
necessarily imply robustness under larger viewpoint shifts, newer camera
settings, or cross-platform scenarios. For this reason, the table should be
read as evidence of progress on standard benchmarks, not as proof that the
underlying challenges of generalization, scalability, and deployment have

been solved.
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2.4 Supervised Video-Based Person Re-ID

Recent advances in deep learning have led to strong progress in supervised
person Re-ID, and video-based approaches have benefited in particular from
the availability of multiple observations of the same identity across time.
However, this literature also has important limitations. Many supervised
video Re-ID methods assume abundant identity labels, stable benchmark
conditions, and sufficient computational resources for multi-branch feature
extraction, temporal aggregation, or transformer-based modelling. As a result,
strong benchmark performance does not necessarily imply suitability for
practical deployment, especially when annotation is scarce, viewpoint shifts
are severe, or compute budgets are limited.

In broad terms, supervised video Re-ID methods can be viewed through
two phases. The first phase, roughly before 2023, is dominated by CNN-based
pipelines that improved performance through stronger training recipes, at-
tention modules, and temporal aggregation. These methods were effective
on standard benchmarks, but many of their gains were incremental and
depended on increasingly specialized architectural components. The second
phase, after 2023, is characterized by transformers and foundation-style back-
bones, which improved global spatiotemporal modelling but also increased
model complexity, training cost, and dependence on large-scale pretraining.
This progression improved accuracy, yet it also widened the gap between
benchmark-oriented performance and resource-aware deployment.

With attention mechanisms gaining popularity, many CNN-based video
Re-ID works incorporate explicit spatial-temporal saliency modelling.
COSAM [138] proposed a co-segmentation-inspired attention module
that leverages both spatial and temporal information to compute regional
attention, emphasizing identity-consistent regions across frames and

capturing individuals along with their accessories. BiCnet-TKS [139] further



Chapter 2. Literature Review 37

adopted a dual-attention design, where one branch captures local attention
and the other captures global attention, and introduced a temporal kernel
selection (TKS) block to model temporal relations within the tracklet. A
broader discussion of the evolution and limitations of deep Re-ID pipelines
in this period is also presented in the survey and outlook by Ye et al. [140].
Table 2.3 summarizes representative supervised video Re-ID methods and
helps illustrate both the progress and the limitations of the literature. In
particular, it shows that benchmark gains are often accompanied by increasing
architectural complexity, while evaluation remains concentrated on a small

number of standard datasets.

2.4.1 Emerging trends in supervised video Re-ID

The post-2023 period is increasingly defined by two interacting changes. The
first is the architectural shift toward transformers [16], [141] and foundation
priors [142], [143], [144], motivated by global token interactions and content-
adaptive aggregation. The second is the shift in problem settings, where
cross-platform deployment and extreme viewpoint and scale changes expose
limitations of near-ground-level optimized pipelines. These developments are
coherent with the structure of this thesis: Chapter 5 focuses on transformer-
based spatiotemporal representation learning and long-range temporal rea-
soning, while Chapter 6 focuses on generalization when viewpoint shifts and
when domain-invariant learning becomes a requirement.

Following the introduction of transformers and vision transformers, sev-
eral studies demonstrated that transformer backbones are appropriate for
retrieval tasks because they can learn transferable representations and model
long-range interactions through attention [16], [141], [145], [146]. These devel-
opments motivated video Re-ID designs that treat spatiotemporal encoding

and temporal evidence fusion as primary components rather than add-on
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modules. Two representative transformer works that tackle video Re-ID
challenges are Zang et al. [147] and Alsehaim and Breckon [125]. Zang et
al. propose a multidirectional, multi-scale pyramid transformer (PiT) that
employs vertical and horizontal patch divisions and pyramid representa-
tions to preserve fine-grained cues while retaining global context, which
helps when discriminative evidence appears at different spatial granularities
across frames. Alsehaim and Breckon emphasize that temporal robustness is
affected not only by the backbone but also by clip organization and part
representation. Their temporal clip shift and shuffle (TCSS) mechanism
disrupts clip ordering during training to reduce over-reliance on a single
temporal configuration, and their video patch part feature (VPPF) module
promotes part-aware token features that remain stable under pose changes
and occlusions. More recently (after Alsehaim 2023), Ma et al. have proposed
T2MEA [126], a dual-branch transformer that explicitly breaks down temporal
motion (dynamic) features and spatial appearance (static) features before
integrating them. A content branch uses a Spatial-Temporal Aggregation
(STA) module to capture coarse-grained global spatio-temporal structure,
while a fovea branch extracts fine-grained cues using a zero-parameter token
channel shift interaction (TCSI) module and a Spatial Patches Shift Enhancing
(SPSE) module to capture temporal dynamics and enhance appearance under
occlusion/illumination changes. The branches are fused by a Cross-Attention
Aggregation (CAA) module to create robust, enriched video representations.

Similarly, Trigeminal Transformers (TMT) explicitly exploit the multi-view
nature of videos by projecting tracklets into spatial, temporal, and spatial-
temporal views via view-wise projectors and then applying self-view and
cross-view transformers to both enhance and aggregate view-specific cues,
yielding more comprehensive representations for video Re-ID [148]. TMT
complements approaches such as TCSS/VPPF and T2MEA by systematically

capturing diverse observations (three views) and by explicitly modelling
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cross-view interactions, which can be particularly helpful when discriminative
evidence is distributed across different view modalities.

Complementing the transformer-centric lines, Long Short-Term Repre-
sentation Learning (LSTRL) advocates explicit decomposition of long-term
multi-granularity appearance and short-term motion representations via a
Multi-granularity Appearance Extractor (MAE) and a Bi-directional Motion
Estimator (BME). LSTRL shows that combining robust, multi-scale appearance
aggregation across frames with efficient, reciprocal short-term motion estima-
tion improves resistance to noisy frames, spatial misalignment, occlusions,
and scale variations; moreover, MAE and BME are plug-and-play and can
be integrated into existing architectures to provide multi-stage long—short
temporal features [149]. LSTRL thus offers a complementary inductive bias to
transformer methods: while transformers focus on global token interactions
and cross-view fusion, LSTRL emphasizes structured long/short decomposi-
tion and efficient motion estimation that can be adopted alongside transformer
backbones or hybrid CNN-transformer systems.

More recent studies increasingly combine convolutional inductive bi-
ases with transformer global reasoning to improve stability and efficiency
on tracklets. DCCT [150] deeply couples convolutional and transformer
branches and introduces complementary spatial attention and hierarchical
temporal aggregation, supported by self-distillation to transfer spatiotemporal
knowledge into compact representations. TCViT [151] focuses more directly
on temporal dependency modelling by emphasizing temporal correlation
learning within a transformer framework. Collectively, these methods point
to a consistent design space that includes tokenization granularity, part-aware
modelling, clip/frame mixing strategies, and temporal attention span. This
direction aligns with Chapter 5, where temporal modelling decisions and
spatiotemporal feature fusion are treated as central design objectives. At

the same time, the growing complexity of these models raises an important



Chapter 2. Literature Review 40

question for the literature review: whether the reported gains reflect stronger
video Re-ID reasoning itself or simply the increasing scale of the architecture
and training recipe.

Although these transformer-based and hybrid approaches improve spa-
tiotemporal reasoning, they also introduce new limitations. Many rely on
increasingly elaborate tokenization schemes, multi-branch fusion, auxiliary
modules, or large pretrained backbones, which makes it difficult to separate
genuine modelling gains from gains due to scale and complexity. In addi-
tion, several methods are still validated primarily on standard benchmarks,
especially MARS, with less consistent reporting on newer datasets or on
settings where viewpoint and domain shift are more severe. Thus, the main
limitation of this literature is no longer the absence of strong models, but rather
the limited clarity about which improvements are architecturally essential,
which are benchmark-specific, and which remain practical under realistic
deployment constraints.

In parallel, supervised video Re-ID has increasingly shifted toward more
challenging, realistic deployment settings where domain gaps are severe. A
prominent example is aerial-ground (UAV-to-CCTV /wearable) video Re-ID,
where the domain gap includes extreme viewpoint differences (from near
top-down to ground), drastic scale and resolution variations, and temporal
discontinuities. The AG-VPRelD benchmark [152] and the associated AG-
VPRelD challenge [153] emphasize these issues at scale, and the reported top
solutions commonly rely on multi-stream processing and transformer-based
temporal reasoning to aggregate sparse identity evidence over long tracklets
while reducing cross-view discrepancy. This line of work shifts the emphasis
from marginal within-domain improvements to robust temporal reasoning
under cross-platform constraints, which motivates the generalization focus
adopted later in this thesis.

Another notable trend is the shift from training from scratch to leveraging
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large-scale pretraining and foundation priors, which makes the downstream
contribution increasingly about adaptation and temporal aggregation. Fu
et al. [154] propose large-scale pretraining for person Re-ID under noisy
labels, where the training strategy combines supervised-style objectives with
prototype/contrastive components to improve representation quality while
reducing the impact of label noise. In addition, recent work adapts vision-
language representations to video Re-ID without explicit text prompts. For
example, [155] learns a text-free CLIP adaptation for video-based person
Re-ID and shows that CLIP-derived priors can be transferred to tracklet-level
matching when coupled with video-appropriate temporal fusion. These
foundation-driven approaches typically improve invariance to appearance
changes (illumination, background, style), but they also increase the impor-
tance of temporal aggregation design and loss geometry, since the backbone
is no longer the only source of performance gains.

Generative augmentation has also expanded from earlier GAN-based
synthesis toward diffusion-based controllable diversity, particularly to
address rare poses, occlusions, and viewpoint bias. Pose-dIVE [156] uses
diffusion-based augmentation conditioned on pose/view to diversify
underrepresented configurations, while Diffusion-Re-ID [157] proposes a
generation-and-filtering paradigm and introduces large-scale synthetic data to
strengthen Re-ID pretraining. These methods complement the cross-platform
and cross-domain motivation by enlarging the effective training distribution
while attempting to control noise through filtering.

Beyond representation learning, practical robustness has received renewed
attention through explicit input-quality control. Mamedov et al. [158] pro-
posed a filter module that pre-filters problematic inputs before Re-ID inference,
motivated by real-world cases where low-quality detections and corrupted
observations degrade matching reliability. Finally, broader vision trends

increasingly influence how complex visual tasks are framed. Ke et al. [159]
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survey compositional visual reasoning and emphasize multi-step reasoning
with intermediate concepts, while Lin [160] documents rapid growth in VLM
and diffusion-driven paradigms. While these surveys are not Re-ID methods,
they reinforce the direction that modern systems increasingly move beyond
monolithic feature matching toward richer representations, stronger priors,
and more structured reasoning.

Table 2.3 summarizes representative supervised video Re-ID methods,
but it should be interpreted with caution. The literature provides a much
clearer ranking on MARS than on other datasets because MARS is the most
consistently reported benchmark. By contrast, reporting on Duke, iLIDS-VID,
LS-VID, and more recent cross-platform settings is less complete and less
uniform. This imbalance makes it difficult to determine whether improve-
ments reflect general progress in video Re-ID or optimization toward a small
subset of standard benchmarks. It also reveals a broader limitation of the
literature: many methods improve retrieval accuracy by adding architectural
complexity, stronger pretraining, or specialized modules, but the field is less
clear about which of these gains remain robust under stronger viewpoint
variations, larger domain shifts, or more practical deployment constraints.

In summary, supervised video Re-ID evolved from CNN optimization and
attention-based temporal aggregation to transformer-based and foundation-
driven spatiotemporal reasoning under more complex deployment constraints
in the last decade. This evolution motivates the thesis focus in Chapter 5 on
transformer-based temporal modelling and evidence fusion, and it supports
the generalization and robustness analyses in Chapter 6 when domain gaps

are introduced.
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Chapter 3

Methodology Overview

This chapter outlines the overarching methodology for investigating person
Re-ID and focuses on the experimental setup, including the datasets and
evaluation metrics that form the foundation for the Re-ID models developed
and evaluated in subsequent chapters. It introduces the datasets used in
this thesis, summarizes their sources and key attributes, and presents the
common preprocessing conventions applied before training and evaluation.
It also reviews the evaluation metrics used to assess model performance,
thereby establishing a consistent and rigorous assessment framework. This
overview sets the stage for the specific methodologies discussed in Chapters
4,5, and 6, which focus on the implementation of unsupervised, supervised,

and semi-supervised models, respectively.

3.1 Datasets

We will focus only on the general large-scale video datasets for deep learning
methods. However, to be comprehensive, we will include all widely used
Re-ID datasets in this section.

This thesis notes known ethical and privacy concerns surrounding certain
legacy benchmarks. In particular, the DukeMTMC-RelD dataset and its
derived subsets were later retracted /taken down due to ethical and privacy

concerns. Accordingly, they are discussed in this thesis only for historical
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comparison with prior person Re-ID literature, rather than as an endorsement

of their continued use.

3.1.1 Image Datasets
The Market-1501 dataset

The Market-1501 dataset is one of the most prominent person Re-ID datasets,
which contains 32,668 gallery images and 3,368 query images captured by
six cameras. It also includes 500,000 irrelevant images as a distractor set,
which makes the dataset even more challenging. This dataset is captured in
a noisy campus environment. It is very challenging due to illumination and

viewpoint changes across cameras, as well as occlusions in the views [175].

The DukeMTMC-RelID dataset

The DukeMTMC-RelD dataset is a subset of the DukeMTMC dataset. It
contains 1,812 identities captured by eight cameras. A total of 1,404 identities

appear in more than two cameras, and the other 408 IDs are distractor images

[73].

The CUHKO03 dataset

The CUHKO3 dataset contains 13,164 images of 1,360 pedestrians captured
by six cameras. Each identity appears in two disjoint camera views. This
dataset is challenging due to clothing similarities among people, lighting and

viewpoint variations across camera views, and occlusions [33].

The PETA dataset

The PETA dataset is a substantial person attribute recognition dataset an-
notated with 61 binary attributes and four multi-class attributes for 19,000

images [176].
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3.1.2 Video Datasets
The DukeMTMC-VideoRelID dataset

The DukeMTMC-VideoRelD dataset is a subset of DukeMTMC, which is
specially designed for video-based Re-ID. Since this dataset is manually
annotated, each identity has only one tracklet per camera. The pedestrian
images are cropped from the videos for 12 frames every second to generate a
tracklet. The dataset of identities is split according to the protocol in [175], i.e.,
702 for training, 702 for testing, and 408 as the distractors. In total, 369,656
frames of 2,196 tracklets are generated for training, and 445,764 frames of

2,636 tracklets are generated for testing and distractors [177].

The MARS dataset

The MARS dataset is the largest video Re-ID dataset, which contains 1,261
individuals and around 20,000 video sequences captured by six cameras. The
MARS dataset is split into train and test sets, containing 631 and 630 identities,
respectively. Each identity has an average of 13.2 tracklets. The dataset is
captured in a noisy campus environment, thus suffering from significant

viewpoint changes, pose variations, and illumination changes [118].

The iLIDS-VID dataset

The iLIDS-VID dataset contains 300 individuals, where two cameras capture
each annotated identity. The dataset contains approximately 600 hand-labelled
tracklets [178].

The LPW dataset

The LPW dataset contains 2,731 pedestrians in three scenes, where four
cameras capture each annotated identity. The data features a notable scale of

7,694 tracklets, known for their cleanliness, with over 590,000 images [179].
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The LS-VID dataset

The LS-VID dataset, represented in Figure 3.1, contains 3,772 individuals and
around 14,943 video sequences captured by 15 cameras. The dataset is divided

into train and test sets, containing 842 and 200 identities, respectively [180].

The AG-VPRelD dataset

The AG-VPRelD dataset shown in Figure 3.2, is a large-scale benchmark

for aerial-ground video-based person re-identification. It comprises 6,632
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FIGURE 3.2: AG-VPRelD was captured using six cameras

(drones, CCTVs, and GoPros). Sample images and camera

placements (right) illustrate cross-camera appearance variations

for two pedestrians across different sessions and times of day
(left).

subjects, 32,321 tracklets, and over 9.6 million frames captured using multiple
platforms, including aerial drones operating at altitudes between 15-120
meters, stationary CCTV cameras, and wearable cameras. The dataset is
collected over multiple sessions across 20 days, which introduces significant
variations in viewpoint, scale, and resolution between aerial and ground
observations. Following the evaluation protocol provided with the dataset, a
balanced subset of 3,013 identities that appear in both aerial and ground views
is used for training and testing, where 1,555 identities are used for training,
and 1,456 identities are used for testing, with additional identities used as
distractors in some evaluation settings [153].

The datasets described above vary in scale, number of cameras, and
sequence characteristics, reflecting different challenges in video-based person
re-identification. Table 3.1 provides a consolidated summary of these datasets,

including their key statistics and properties.
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TABLE 3.1: Summary of video-based person Re-ID datasets.
Dataset Train Set Test Set Total Tracklets | Avg. F/T | Cameras #
Duke 702 identities 702 identities | 2,196 tracklets 167 8
MARS 631 identities 630 identities | 20,000 tracklets 59 6
iLIDS-VID 300 identities 300 identities 600 tracklets 40 2
LPW 2,731 identities | 2,731 identities | 7,694 tracklets 76 4
LS-VID 842 identities 200 identities | 14,943 tracklets 199 15
AG-VPRelID | 1,555 identities | 1,456 identities | 32,321 tracklets 297 6

3.1.3 Common Preprocessing and Data Preparation

Although the three methodological settings studied in this thesis differ in
their training strategies, several preprocessing conventions are shared across
the proposed models. First, video frames are resized to a fixed spatial
resolution before being passed to the network, ensuring consistent input
dimensions and a fair comparison across datasets. Unless otherwise stated in
later implementation sections, the input resolution is 256 x 128 pixels.

Second, frames are converted to tensors and normalized channel-wise to
make the input distribution compatible with ImageNet-pretrained backbones.
Third, standard data augmentation is applied during training to improve
robustness to appearance variation and occlusion. The main augmentations
used throughout this thesis include horizontal flipping and random erasing,
while any chapter-specific additions are described in the relevant implemen-
tation section.

Fourth, each video tracklet is represented by a controlled subset of frames
rather than by every frame in the original sequence. This reduces redundancy
and keeps computation tractable while preserving the temporal information
needed for video-based person Re-ID. Unless otherwise specified, tracklets
are sampled using 16 keyframes distributed uniformly across the temporal
duration of the sequence. The exact frame-selection or sampling strategy
may vary depending on the learning setting and is therefore specified for
each proposed model where deviations from this default occur. Finally,

when official dataset protocols are available, they are followed for train/test
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TABLE 3.2: Mapping between the video-based datasets intro-
duced in Chapter 3 and their use across Chapters 4, 5, and 6.

Dataset Chapter 4 Chapter 5 Chapter 6
Duke Comparison only - Comparison only
MARS Used Used Used
iLIDS-VID - Used -
LS-VID Used Used Used
AG-VPRelID Used Used Used

partitioning and evaluation. When such protocols do not fully match the
intended deployment setting of a chapter, an adapted protocol is defined

explicitly and justified in that chapter.

3.1.4 Dataset Usage Across Thesis Chapters

Not all datasets described in this chapter are used uniformly throughout the
thesis. Since Chapters 4, 5, and 6 address different learning settings, the role
of each dataset varies accordingly. In general, the image-based datasets listed
above are included for completeness and background context, whereas the
main experimental evaluation in this thesis relies on video-based benchmarks.
Table 3.2 summarizes the mapping between the datasets introduced in Chapter
3 and their use in the later chapters.

DukeMTMC-VideoRelD is not used for experimental validation in this
thesis. In Chapter 5, iLIDS-VID is used instead for smaller-scale supervised
evaluation. DukeMTMC-VideoRelD is included only in Chapters 4 and 6
for comparison with prior literature, given its historical prominence as a
benchmark despite the ethical concerns associated with DukeMTMC and its

derived subsets.
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3.2 Evaluation Metrics

In this section, we discuss the two commonly used evaluation metrics of
person Re-ID algorithms, followed by other notable metrics mentioned in the

literature.

3.2.1 Cumulative Matching Characteristics

Cumulative Matching Characteristics (CMC) [181] is generated by the sum
of each image’s accuracy, divided by the total number of images in a query.
Ranked CMC [181] expresses the probability of a correct matching in the k-th
rank target in a gallery of targets. Since CMC accuracy can be affected by
multiple ground truths in a query, we usually couple it with other evaluation
metrics. This limitation stems from the fact that it only retrieves the first match
it encounters. However, most large-scale datasets contain multiple ground
truths, and CMC cannot fully capture a model’s capability to discriminate
across multiple cameras.

To further illustrate the construction of a Rank-K list, let x represent the

query image and let G represent the gallery set containing N images, where :

G={g1,.---,8n}

The Mahalanobis distance between ) and each gallery image g; € G is then

computed using Equation 3.1 :

D (x,8i) = (fX _fgi)TM(fX _fgi) (3.1)

where f, and f;, denote the feature vectors of the query x and gallery
image g;, respectively, and M is a real symmetric positive semidefinite matrix
that defines the Mahalanobis metric. The positive semidefinite constraint

ensures that, for any feature difference vector z = fy — f,,, the quadratic form
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z'Mz > 0, so the resulting distance is always non-negative. A simple special
case is the identity matrix, which is also positive semidefinite.

We can define the K-Rank list K as a list of x nearest neighbour gallery
images G = {g1,...., g« } to the query x, where D (x,gi) < D (x,&i+1). As
shown in equation 3.2, where ||-|| denotes the number of candidates in the

k-Rank list K.

K(x,x) = {g1, .., Qc} ,where ||K(x, k)| = x (3.2)

Given this logic, a K(x, 5) list contains the top 5 candidates for the query
image x. It is widespread in the literature to have K(, 1) (known as rank-1)
when the model’s accuracy is very high and only include K(x,5) and K(;, 20)

if rank-1 is low.

3.2.2 Mean Average Precision

The mean Average Precision (mAP) [175] is a ranking-based evaluation metric
that measures how well a retrieval system returns all relevant matches and
how early these matches appear in the ranked list. In person Re-ID, this is
particularly important because a query may have multiple correct matches
in the gallery. Unlike CMC, which mainly reflects whether a correct match
appears within the top ranks, mAP evaluates the overall quality of the ranked
retrieval results across all relevant matches. For this reason, mAP is typically
reported together with CMC.

More specifically, person Re-ID evaluation can be formulated as a ranking
problem in which, for each query, the model produces a ranked list of gallery
samples ordered by similarity or distance. Precision at rank k, denoted as
P(k), represents the fraction of correct matches among the top-k retrieved
samples. However, precision alone does not indicate whether the correct

matches appear early in the ranking or only after many incorrect candidates.
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FIGURE 3.3: Illustration of Average Precision (AP) for two

ranked retrieval lists. Relevant matches are shown in green and

non-relevant matches in red. When relevant matches appear

early in the ranking, AP is higher; when they appear later, AP
decreases.

Average Precision (AP) addresses this limitation by averaging precision
values only at the ranks where relevant matches are retrieved. Let rel(k) be
equal to 1 if the item at rank k is relevant and 0 otherwise. For a ranked list of

length K, AP can be written as:

K
AP@K = + Y P(k)rel(k), (3.3)
R k=1

where R is the number of relevant gallery samples for the query. Therefore,
correct matches retrieved near the top of the ranked list contribute more to
AP than correct matches retrieved later. Figure 3.3 illustrates this behaviour:
the first ranking achieves a higher AP because relevant samples appear early,
while the second ranking has a lower AP because relevant samples are delayed
until lower ranks.

The mean Average Precision is then obtained by averaging AP over all

queries:
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Q
mAP — & Y AP(g), (3.4)
Q=

where Q is the total number of queries and AP(q) is the average precision
for query g. Thus, mAP reflects both retrieval completeness and ranking
quality, making it more informative than CMC when multiple ground-truth

matches exist for the same query.

3.2.3 Other Metrics

Even though CMC and mAP can demonstrate the model’s accuracy, they
don’t reveal where the model struggles or its complexity. Therefore, additional
metrics like Mean Inverse Negative Penalty and Floating Point Operations

per second provide a more comprehensive evaluation.

* Mean Inverse Negative Penalty (mINP) [140] can be a supplementary
metric to the commonly used CMC and mAP metrics. By applying
an inverse negative penalty for the hardest correct matches, mINP
avoids the domination of easy matches in the mAP/CMC evaluation.
In practice, it emphasizes whether the model can retrieve all correct
matches for a query without pushing the last (hardest) correct match too

far down the ranked list.

An intuitive way to understand mINP is to focus on the position of the
hardest correct match. A model may retrieve a few easy matches early,
which can still lead to good CMC and even reasonable mAP, while the
tinal correct match appears much later after many incorrect candidates.
This situation indicates that the ranking is not consistently reliable across
all true matches. This behaviour is explicitly penalized by mINDP, tying
the score to the rank position of the last correct match (relative to the

number of correct matches) and then using an inverse formulation so
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that higher values still indicate better performance. As a result, mINP
complements mAP by highlighting cases where a model performs well

on easy matches but struggles with the most difficult correct matches.

¢ Floating-point Operations Per second (FLOPs) is a crucial evaluation
metric when the training/testing device has limited computational
resources. This metric will be considered when the efficiency and
complexity of the training model are significant. Recent works [182],

[183] have used it to evaluate the efficiency of their models.

3.3 Efficiency Considerations

One of the targets of this thesis is to design a Re-ID model that can run on
minimal resources, addressing both efficiency and scalability for practical

model deployment.

3.3.1 Lightweight Models

One way to address the scalability issue is to implement a lightweight Re-ID
model. Various studies [181], [182], [183] modified some of the existing
network architectures to achieve lightweight models. This was achieved by
optimizing the neural network model to reduce the memory and computa-
tional demands of the algorithm [184]. Recent advancements have furthered
this approach by moving away from heavy, general-purpose backbones like
ResNet toward specialized architectures. For instance, the Combined Depth
Space (CDS) network utilizes width and resolution multipliers to create an ef-
ticient backbone specifically tailored for pedestrian retrieval, balancing triplet
and SoftMax losses through a fine-grained balance neck [185]. Furthermore,
hybrid architectures like MixNet integrate shallow CNN modules with deep

Transformers to capture both local features and long-distance dependencies
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while employing pruning algorithms to minimize parameters and compu-
tational costs [186]. To maintain high accuracy in complex environments,
lightweight models such as MSFENet now incorporate spatial-frequency
fusion and multi-granularity modules to suppress background noise and pre-
vent information loss during feature interaction [187]. These optimizations are
essential for deploying Re-ID systems on edge devices where computational

resources are limited but real-time processing is required [188].

3.3.2 Video Representation

One way to address the efficiency issue is to implement a keyframe extraction
model to preprocess tracklets into representative keyframes. This approach
aims to reduce the Re-ID model’s processing time and complexity. Since most
frames in a tracklet are similar and non-essential to the learning process, we
can omit them and keep only the most representative frames, thus reducing
the size of the dataset and the processing power required to run the model.
Some studies [189], [190] proposed video summarization models for resource-
constrained devices in real-time. While this approach might seem to shift
the problem from video Re-ID to image Re-ID, it does not. The problem
remains in the video Re-ID domain if each tracklet contains enough frames to

be considered a video.

3.3.3 Distributed Learning

When considering edge computing devices, their limited resources challenge
many Re-ID solutions that require resource-intensive tasks for training ma-
chine learning models. Gutierrez-Torre et al. [191] proposed a method
for efficiently training deep learning models by utilizing low-power and
resource-constrained edge devices while ensuring good estimation accuracy,

thus contributing to the progress towards distributed learning.
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Chapter 4

One-Shot Video Re-ID

This chapter studies the cost-sensitive one-shot regime introduced earlier
in the thesis, where video-based person Re-ID must operate with minimal
manual intervention and limited computational resources. Building on the
deployment inspiration established in Chapter 1, the weakly supervised and
pseudo-labelling literature reviewed in Chapter 2, the datasets and evaluation
protocol defined in Chapter 3, this chapter develops a resource-aware frame-
work that starts its training phase with a labelled tracklet per identity and

progressively expands supervision through conservative pseudo-labelling.

4,1 Introduction

As discussed in Chapter 1, the thesis examines video-based person Re-ID un-
der three deployment regimes that differ in resource availability, supervision
level, and deployment difficulty. This chapter focuses on the first of these
regimes: a cost-sensitive setting in which only minimal identity supervision
is available and the Re-ID model must remain practical for small-to-medium
camera networks.

In this setting, the role of Re-ID is deliberately limited. Rather than
defining it as a fully general end-to-end surveillance solution, it’s consid-
ered a re-association module used after tracking failure, consistent with the

earlier-defined thesis scope. A lightweight tracker is assumed to operate
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continuously within each camera stream, while the Re-ID component is
invoked only when identity continuity is lost because of occlusion, target
disappearance, or re-entry into the scene. This deployment assumption keeps
the problem operationally focused and matches the resource-aware objective
of this chapter.

The main difficulty in this regime is that fully labelled video Re-ID training
data are rarely available in practice. To make learning feasible under this
constraint, we adopt the one-shot assumption introduced earlier in the thesis:
one labelled tracklet per identity can be acquired at a designated entry point
in the camera network, such as a gate, doorway, or corridor. This yields a
small anchor set that does not capture full intra-identity variation but still
provides a reliable starting point for learning.

The methodological problem addressed in this chapter is therefore not how
to train a fully supervised Re-ID model, but how to expand supervision from
a minimal anchor set while controlling pseudo-label noise and maintaining
low computational cost. To do so, the proposed framework progressively
adds only the most confident pseudo-labelled tracklets to the training set,
allowing the representation to improve gradually without relying on heavy
clustering machinery or large-capacity training pipelines.

Accordingly, this chapter develops a one-shot video Re-ID framework
with three main design priorities: reliable supervision expansion, video-level
temporal representation, and practical efficiency. The framework begins
from a single labelled tracklet per identity, uses conservative similarity-based
pseudo-labelling to enlarge the labelled pool over time, and represents each
tracklet as a compact video descriptor to ensure that temporal information
can be used without abandoning the deployment-oriented constraints of this
regime.

It is important to clarify the scope of this regime. The proposed frame-

work does not attempt to solve full online identity management for an
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unconstrained surveillance system. Instead, consistent with the thesis scope
defined in Chapter 1, it assumes that multi-person scenes have already
been processed by a tracker, meaning the Re-ID module operates on person
tracklets rather than on raw frames containing multiple detections. The
entry-point mechanism is therefore used only as a practical way to obtain
an initial anchor set in controlled deployments, not as a claim that every
active identity can always be captured perfectly and assigned automatically
at the moment of entry. In practice, cases such as missed detections at entry,
ambiguous re-entries, or tracklets that are not reliably represented in the
initial anchor set can be handled during a limited preprocessing stage through
manual verification, similarity-based grouping, and targeted inspection of
atypical or highly divergent tracklets. Although the entry-point mechanism
introduces some additional annotation cost, it remains substantially cheaper
than exhaustively annotating the full dataset. Accordingly, this chapter studies
whether such a partially constructed anchor set is sufficient to support useful
Re-ID behaviour within the temporally bounded gallery setting introduced
earlier in the thesis.

The remainder of this chapter is organized as follows. Section 4.2 presents
the problem formulation, pseudo-labelling strategy, progressive learning
scheme, and a temporal modelling approach. Section 4.3 describes the experi-
mental protocol used in this regime. Section 4.4 reports the main comparative
results, and the ablation study analyzes the contribution of the backbone
choice, progressive expansion policy, and pseudo-label assignment strategy.

Finally, the chapter concludes with the main findings for this one-shot setting.
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4.2 Methodology

4.2.1 Problem Statement

Given a video tracklet dataset D, collected from a camera network, we assume
the availability of a small initial labelled set D, C D, containing a single
labelled tracklet per identity in the network. This labelled set is operationally
approximated by defining an entry point in the camera network and using it
to collect an initial labelled tracklet for each active identity within the current
surveillance window. The remaining tracklets form an unlabelled set D, such
that D, = D,UD, and D,ND, = @.

In this chapter, D, should be understood as an operationally constructed
anchor set rather than as proof of a fully automated real-world labelling
system. In practice, the entry-point assumption approximates a controlled
deployment in which a designated camera region is used to obtain one initial
tracklet per active identity within the current surveillance window. Under
this formulation, the method is not required to maintain a globally fixed,
permanently complete class list. Cases in which a person is not identified
at entry, re-enters ambiguously, or is not reliably represented in D, can be
handled during a limited preprocessing stage through manual verification,
similarity-based grouping, and targeted inspection of atypical or highly
divergent tracklets. Although this adds some annotation cost, it remains
substantially cheaper than exhaustively annotating the full dataset. The
purpose of the experimental protocol is therefore to evaluate the learning
behaviour of the proposed framework under this constrained operating
regime, rather than to claim a complete solution to open-ended online identity
bookkeeping.

Our objective is to learn a discriminative visual representation model fy for
one-shot video-based person Re-ID by leveraging both the labelled anchors

in D, and the large unlabelled pool D,. The learning process is progressive:
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at each iteration, the current model is used to estimate pseudo-labels for a
subset of unlabelled tracklets. The most confident pseudo-labelled candidates
are moved from D), to D,, and the model is retrained using the expanded
labelled set. After each iteration, the model can be evaluated by ranking a
query tracklet x against a gallery set G = {g1,...,gxn} according to distances
computed in the learned feature space.

This setting is more challenging than typical semi-supervised Re-ID be-
cause supervision is limited to a single tracklet per identity. In addition, the
initial labelled set is not intended to cover intra-identity variation; instead, it
serves as an anchor that enables reliable association and gradual generaliza-

tion as pseudo-labels are added.

4.2.2 Pseudo Labels Assignment Strategy

In the one-shot setting studied in this chapter, pseudo-label assignment must
prioritize reliability over coverage. Since the initial supervision contains
only one labelled tracklet per identity, early pseudo-label errors can easily
propagate through later training iterations and degrade the representation.
For this reason, the pseudo-labelling mechanism used here is designed to
expand supervision conservatively, starting from the most reliable matches
and gradually incorporating more difficult samples as the embedding becomes
more discriminative.

Two broad design choices are possible in this setting: similarity-based
assignment and clustering-based assignment. In similarity-based assignment,
each unlabelled tracklet is matched directly to the current labelled anchor set
in the learned feature space, and only the most confident matches are accepted
as pseudo-labels. In clustering-based assignment, unlabelled tracklets are

tirst partitioned into clusters, after which cluster structure is used to infer
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pseudo-identities. Although both directions are relevant to weakly supervised
Re-ID, they behave differently under the constraints of this chapter.

Our framework adopts similarity-based pseudo-labelling because it is
more consistent with the one-shot and resource-aware assumptions of this
chapter. First, the labelled anchors provide an explicit identity reference from
the beginning of training, which makes nearest-anchor matching a natural way
to expand supervision progressively. Second, this strategy avoids the need
to estimate or refine cluster structure under extremely limited supervision,
where cluster impurity can introduce merged identities or fragmented classes.
Third, similarity-based assignment is simpler computationally and therefore
better aligned with the deployment-oriented objective of this chapter, where
the model is intended for small-to-medium camera networks with limited
resources.

Accordingly, after each training stage, unlabelled tracklets are matched
to the current labelled set using the learned embedding, and only the high-
confidence matches are promoted into the labelled pool. This choice allows
the model to benefit from progressive supervision expansion while reducing
the risk of large-scale error injection. For completeness, clustering-based
alternatives are still evaluated later in the ablation study, but they are treated
as comparison strategies rather than as the primary design adopted in this

chapter.

4.2.3 Progressive Labelling and Learning Strategies

Our framework alternates between two steps: (i) training a discriminative
embedding model on the current labelled set D,, and (ii) expanding D, by
adding a small set of high-confidence pseudo-labelled tracklets from D,. This
gradual expansion is critical, since adding too many noisy pseudo-labels early

can degrade the embedding and amplify errors in later iterations.
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Let the current labelled set be D, = {(7t,11),--.,(Ty, tn)}, where each
tracklet 7; belongs to identity ¢;, and let the unlabelled setbe D, = {71,..., Tu }.
After each expansion of D,, we retrain the model using an identification loss.
Given a training sample x; with an identity class C;, we use the standard

cross-entropy identification loss:

lia(x,C) = =} logp(Ci | x;) (4.1)

where p(C; | x;) is the softmax probability predicted for class C;.

After training, we estimate pseudo-labels for unlabelled tracklets by match-
ing them to the labelled anchors in the embedding space. Let f; be the
embedding of an unlabelled tracklet 7, and f, be the embedding of a labelled
tracklet 7, € D,. We define the verification (matching) cost as the squared

Fuclidean distance:

vt 1) = || fe = fullz (42)

For each unlabelled tracklet 7y, we find its closest labelled tracklet 7, under
¢y and assign the corresponding identity 1, as a pseudo-label for 7,. We then
select only the most confident pseudo-labelled candidates (smallest matching
costs) to form a candidate set D, which is added to D,.

Following the observation in [72] that pseudo-label set size impacts both
performance and compute, we control the expansion rate using a generaliza-
tion percentile (GP). Let t be the current iteration index and let |D,,| be the

number of remaining unlabelled tracklets. We define the GP at iteration ¢ as

GP(t) = min(GPmax, 0 - t) (4.3)
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FIGURE 4.1: Our progressive labelling strategy starts from the

auto-generated one-shot anchors. At each iteration, the model

assigns pseudo-labels to the most confident unlabelled tracklets
tirst, then gradually expands the labelled set.

where ¢ is a confidence saturation factor and GPmax caps the maximum

expansion rate. The pseudo-label set size is then

Dy| = [GP(t) [Dyl] (4.4)

In each iteration, we add the |D,| pseudo-labelled candidates with the lowest
verification costs to reduce the probability of injecting noisy labels early in
training.

Figure 4.1 illustrates this progressive expansion process, where the labelled
anchor set is enlarged iteratively by promoting only the most confident

pseudo-labelled tracklets from the unlabelled pool.

4.2.4 Temporal Modelling

For video Re-ID, each tracklet contains N frames, and the backbone produces

a frame-level feature vector fl-” for each frame index n € [1, N|. A tracklet-level
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descriptor f, is obtained by aggregating the frame-level features.

Max-pooling aggregates by selecting the strongest activations:

fo = max(f}) @5)

However, prior work has shown that average pooling is often more effective

for set-based video descriptors [95]:

fo= 5 LA (46

While average pooling provides a stable representation, it assigns equal
importance to all frames, including blurred or partially occluded frames.

To better emphasize informative frames, we introduce a weighted temporal
pooling strategy inspired by attention-based weighting [19], [192]. We first
apply a convolutional layer to the stacked frame features, followed by a
non-local attention layer [14] that predicts a weight w" € [0, 1] for each frame.

The tracklet descriptor is then computed as:

N
fo=) " ff 4.7)
n=1

This formulation reduces the influence of noisy frames while retaining robust
aggregation across the full sequence. In the results section, we compare

set-to-set average pooling against this weighted temporal pooling.

4.2.5 Framework

Given the components above, our framework can be summarized as an
iterative procedure that alternates between training on the current labelled
set and expanding it using high-confidence pseudo-labels. The input to

the algorithm is the initial labelled anchors D,, the unlabelled pool D,, the
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FIGURE 4.2: A schematic illustration of our framework. The

model is trained using the labelled anchor set and progressively

pseudo-labelled tracklets. After each iteration, new pseudo-

labels are assigned to a controlled fraction of the unlabelled pool
and added to the labelled set for the next iteration.

confidence saturation factor J, and an ImageNet-pretrained CNN backbone

fo. The output is the final trained model for one-shot video Re-ID.

Algorithm 1 Training procedure for the proposed one-shot video Re-ID
framework

Input: labelled data D,, unlabelled data D, confidence factor ¢, initialized
CNN model fy

Output: trained CNN model fy

stept < 0
while D, # @ do

t<—t+1

Train fg on D, using the identification loss in (4.1)

Compute embeddings for D, and D,,, then assign pseudo-labels by
nearest labelled match using (4.2)
6: Compute the expansion fraction using (4.3) and select |D,,| candidates

using (4.4)

7: D, < the selected pseudo-labelled candidates with the lowest verifi-
cation costs

D, <~ D,UDy

D, < D, — Dy

The overall interaction between the labelled anchor set, the pseudo-
labelling step, and the iterative retraining process is illustrated in Figure 4.2.

Algorithm 1 summarizes the corresponding training procedure.
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4.3 Experiments

This section evaluates our one-shot video Re-ID framework under the de-
ployment regime emphasized in this chapter: limited supervision and prac-
tical compute constraints. We follow standard dataset protocols whenever
available, and we enforce the same supervision assumption across datasets
by labelling only one tracklet per identity to initialize the labelled set D,,
while treating the remaining tracklets as unlabelled data D), for progressive
pseudo-labelling. In addition to reporting retrieval accuracy, we explicitly
study the efficiency-accuracy trade-off by testing multiple backbone networks,
including lightweight options suitable for cost-sensitive and small-scale cam-
era deployments.

Unless otherwise stated, we adopt an ImageNet-pretrained backbone and
train with a warm-up-based schedule for stable optimization. Performance
is reported using standard video Re-ID metrics, and we provide ablations to
quantify the contributions of backbone choice, regularization, and pseudo-

labelling strategy under the one-shot constraint.

4.3.1 Dataset Splits

We evaluate our one-shot video Re-ID framework on four benchmarks:
DukeMTMC-VideoRelD, MARS, LS-Vid, and AG-VPRelD. Full dataset
descriptions are provided in Section 3.1.2. Here, we only describe the split
and initialization protocol used in this chapter.

For all datasets, we initialize the labelled anchor set D, using one labelled
tracklet per identity and treat the remaining training tracklets as unlabelled
data D, for progressive pseudo-labelling. When an official protocol is estab-
lished, we follow it; otherwise, we define a one-shot initialization strategy

consistent with the entry-point assumption described earlier in this chapter.
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* Duke: We follow the standard train/test split in [73]. Within the training
set, one tracklet per identity is retained as the labelled anchor, while the

remaining training tracklets are treated as unlabelled.

* MARS: We follow the standard train/test split of [118] and apply the
same one-shot initialization, keeping one labelled tracklet per identity

and treating the remaining training tracklets as unlabelled.

¢ LS-Vid: Since there is no established one-shot split protocol matching
our entry-point assumption, we construct D, by selecting one tracklet
per identity from camera 0, which serves as the designated entry-point
camera. All remaining tracklets of those identities are used as unlabelled

data Dy.

* AG-VPRelD: We follow the original split defined by the dataset proto-
col for the aerial-to-ground and ground-to-aerial evaluation directions.
Within the training portion of each direction, one tracklet per identity

is used to form D,, and the remaining training tracklets are treated as

unlabelled.

4.3.2 Experimental Settings

We evaluate the proposed one-shot video Re-ID framework using the stan-
dard video Re-ID retrieval metrics defined in Chapter 3. In particular, we
report CMC at Rank-1, Rank-5, and Rank-20, together with mean average
precision (mAP). Since evaluation is performed at the tracklet level, each
query corresponds to a query tracklet, and the gallery contains tracklets from
other cameras or from the corresponding evaluation split, depending on
the dataset protocol. In this chapter, CMC is used to reflect top-k retrieval
accuracy, while mAP provides a more complete assessment when multiple

ground-truth matches exist in the gallery.
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4.3.3 Implementation Details

All experiments are conducted using a video tracklet representation in which
each tracklet is processed into a fixed number of frames and encoded by a
CNN backbone. Unless otherwise stated, we resize each frame to 256 x 128,
apply standard data augmentation (random horizontal flipping, cropping,
and erasing), and normalize using ImageNet statistics. To study the efficiency-
accuracy trade-off emphasized in this chapter, we evaluate multiple backbone
networks, ranging from lightweight architectures to stronger, more resource-
demanding models. In particular, we report results using MobileNet and
ShuffleNet as resource-efficient backbones, and ResNet-50 variants as higher-
capacity baselines. For the ResNet-50 baseline, we also evaluate the effect of
dropout regularization, since it consistently improves generalization under

limited supervision.

One-shot initialization. For each dataset, we construct the labelled anchor
set D, by selecting one tracklet per identity, following the dataset protocol
when available and the dataset-specific initialization strategy described in
the Datasets subsection. The remaining training tracklets form the unlabelled
set D,. During training, we maintain the one-shot constraint by never using

additional manually verified labels beyond D,.

Progressive pseudo-labelling. Training proceeds in stages. At each stage,
the model is trained on D, and a subset of D, that is assigned pseudo-labels
based on the current model’s predictions. We only accept pseudo-labels that
satisfy a confidence criterion to reduce error propagation, and we gradually
expand the pool of pseudo-labelled examples as training progresses. This
strategy allows the model to improve its representation while limiting the
impact of noisy assignments, which is critical under the one-shot supervision

assumption.
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Optimization and schedule. We initialize the backbone with ImageNet
pretraining and optimize it using Adam with weight decay. The learning rate
follows a warm-up schedule during the early phase to stabilize optimization,
then decays in steps. The training procedure is carried out progressively in
stages, with each stage incorporating an additional batch of pseudo-labelled
samples. For each stage, the backbone is trained for a fixed maximum number
of intervals, and early stopping is used only as a local criterion within that
stage when validation performance stops improving after several iterations.
Thus, early stopping is used to conclude optimization for the current pseudo-
label batch rather than to terminate the full algorithm. Once this condition is
met, the method proceeds to the next pseudo-label expansion step, and the
overall process continues until the unlabelled pool has been fully consumed,
unless otherwise stated. We use a batch sampling strategy that selects 8
identities per batch, with 4 tracklets per identity when available, stabilizing

the metric learning objective, unless otherwise noted.

Inference. At inference time, each query and gallery tracklet is encoded
into a single descriptor by aggregating frame-level features using temporal
pooling. Retrieval is then performed by ranking gallery descriptors according
to their distance from the query descriptor, and performance is reported using

the metrics described above.

4.4 Results and Comparison

We evaluate the proposed framework against representative prior video Re-ID
methods on the MARS and Duke datasets. The results are summarized
in Table 4.1. Using only a ResNet50 backbone with dropout, our method
(GVOURelD) achieves 55.5% mAP and 72.2% Rank-1 accuracy on MARS and
72.9% mAP and 78.6% Rank-1 accuracy on Duke. Relative to the baseline, this
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TABLE 4.1: Evaluation results on video-based datasets
DukeMTMC-VideoRelID and MARS using mAP and CMC

Method Year MARS Duke

mAP |Rank-1|Rank-5/Rank20] mAP |Rank-1/Rank-5Rank20
baseline - 15.45 | 36.16 | 50.20 | 61.86 | 33.27 | 39.60 | 56.84 | 66.95
OIM [135] 2017 | 13.50 | 33.70 | 48.10 - 43.80 | 51.10 | 70.50 -

Stepwise [95] 2017 | 19.65 | 41.21 | 55.55 | 66.76 | 46.76 | 56.26 | 70.37 | 79.20
RACE [97] 2018 | 24.50 | 43.20 | 57.10 | 67.60 - - - -
DAL [136] 2018 | 23.00 | 49.30 | 65.90 | 77.90 - - - -
EUG [72] 2018 | 42.45 | 62.67 | 7494 | 82.57 | 63.23 | 72.79 | 84.18 | 91.45
PGOR [52] 2018 | 46.51 | 66.50 | 76.38 | 84.69 | 68.42 | 72.47 | 86.38 | 94.45

PL [96] 2019 42.60 | 62.80 | 75.20 | 83.80 | 63.30 | 72.90 | 84.30 | 91.40
DGM [98] 2019| 16.87 | 36.81 | 54.01 | 68.51 | 33.62 | 42.36 | 57.92 | 69.31
DBC [99] 2019| 438 64.3 79.2 87.8 66.1 752 87 -

TCPL [100] 2020| 43.6 65.2 77.5 - 67.9 76.8 87.8 -
SSLR [92] 2020 | 43.6 62.8 77.2 - 69.3 76.4 88.7 -
SCL [101] 2022 | 46.6 66.6 77 - 78.4 82.2 93.2 -

RPE [133] 2024 | 404 63.3 754 80.6 71.5 77.8 89.3 91.7
Weakly [112] 2024 | 75.2 83.9 93.6 95.5 874 89.7 97.2 98.0
DRMPCL [134] |2025| 71.6 82.0 91.1 93.4 92.7 94.0 98.6 99.4
StS - 49.7 68.2 82 88.40 | 66.50 | 74.10 | 86.20 | 92.30
GVOURelID - 55.5 72.2 84.4 89.6 729 78.6 88.5 93.7

corresponds to improvements of +13.4% mAP and +15.8% Rank-1 on MARS
and +9.0% mAP and +2.7% Rank-1 on Duke.

The strongest recent entries in Table 4.1 should be interpreted in light of
their training assumptions. In particular, the last two methods in the table
(Weakly and DRMPCL) rely on stronger supervision and /or more compute-
intensive training pipelines than the lightweight one-shot regime considered
in this chapter. The Weakly method uses video-level labels beyond the one-
shot assumption, while the DRMPCL method builds on a higher-capacity
contrastive training framework. These methods are therefore included for a
broader context, but they are not the most directly matched comparators for
the deployment setting studied here.

An extended assessment of our methodology on more recent video-based

datasets, specifically LS-Vid and AG-VPRelD, is presented in Table 4.2. There
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TABLE 4.2: Evaluation Results on Newer Video-Based Datasets

LS-Vid Aerial +Ground Ground—Aerial

Method mAP Rankl mAP Rank1 mAP Rank1
ShuffleNet XM 61.7 58.5 67.8 51.8 62.5
MobileNet JEEX 72.8 61.5 70 549 65.7
ResNet50 66 74.4 61.3 71.3 55.8 66.3

are no directly comparable unsupervised baselines under the same experi-
mental assumptions, as these datasets are typically analyzed in supervised
contexts in the literature. Accordingly, this table is included primarily to
demonstrate how the proposed framework behaves beyond MARS and Duke
and to provide additional evidence on larger, more challenging datasets.
Among the tested backbones, ResNet50 provides the strongest overall results,
while MobileNet remains a competitive and resource-efficient option when
memory and processing power are limited. Crucially, compared to MARS
and Duke, LS-Vid and AG-VPRelD are bigger and more diverse, making
them more difficult benchmarks and superior stress tests for robustness in

real-world scenarios.

4.4.1 Analysis

The results in Tables 4.1 and 4.2 indicate that the proposed framework per-
forms competitively given the one-shot setting studied in this chapter. On
MARS and Duke, the method improves substantially over the baseline, which
suggests that progressive pseudo-labelling combined with tracklet-level tem-
poral aggregation is effective even when supervision is limited to one labelled
tracklet per identity. These gains are particularly relevant in the context of
this chapter, where the objective is not to match the strongest high-capacity
training pipelines but to obtain a practical and resource-aware Re-ID solution
under restricted supervision.

The results also suggest that the video-oriented design of the framework

is important. In contrast to methods that represent a tracklet using only a
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small subset of frames, the proposed formulation aggregates information at
the tracklet level, making greater use of the temporal evidence available in the
sequence. This likely contributes to the improvements observed compared
to the baseline, particularly in settings where identity evidence is distributed
across multiple frames rather than concentrated in a single observation.

Figure 4.3 shows qualitative retrieval examples on the MARS dataset.
Despite its lightweight design, the proposed model often retrieves the correct
identity at Rank-1. The main errors occur under large viewpoint changes
and inter-camera domain shifts. These same queries are revisited in later
chapters to show that a more robust Re-ID system becomes beneficial beyond
this initial cost-sensitive setting.

At the same time, the comparisons in Table 4.1 should be interpreted with
appropriate caution. Several recent methods, especially the strongest entries
at the bottom of the table, rely on training settings that are not directly aligned
with the lightweight one-shot regime considered in this chapter. Some use
weak supervision beyond the one-shot assumption, whereas others benefit
from more compute-intensive contrastive or transfer-based pipelines. For
this reason, the most meaningful conclusion is not that the proposed method
surpasses every reported approach under every condition, but that it remains
competitive while operating under a more constrained, deployment-oriented
setting.

The extended results on LS-Vid and AG-VPRelD further clarify this point.
These datasets are larger and more diverse than MARS and Duke, and they
therefore provide a stronger test of robustness under realistic variations.
Although no directly matched one-shot baselines are available for these
benchmarks, the results show that the proposed method remains effective
when moved beyond the standard datasets most commonly reported in
earlier work. In particular, ResNet50 gives the strongest overall performance,

while MobileNet remains attractive when efficiency is prioritized, which is
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Query Rank-2

(b)

(c)

(d)

FIGURE 4.3: Qualitative retrieval examples on the MARS
dataset. For each query, the top-5 retrieved tracklets are shown.
Green boxes indicate true matches, and red boxes indicate false
matches. Examples (a)—(c) show successful retrieval behaviour
where most top-ranked results correspond to the correct identity,
while example (d) illustrates a more challenging case with
several false matches among the returned candidates.

consistent with the deployment objectives of this chapter.

The comparison with clustering-based pseudo-labelling is also valuable.
Relative to methods such as SSLR [92], the anchor- based formulation avoids
relying entirely on cluster purity during the early stages of learning. Under
one-shot supervision, this is important because clustering can merge visu-
ally similar identities or split a single identity across multiple clusters. By
starting from one labelled anchor per identity and expanding the labelled set
conservatively, the proposed strategy provides a more stable mechanism for

supervision growth in the specific setting considered in this chapter.
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A similar distinction applies when comparing the proposed framework
with relation-refinement methods such as RPE [133]. Their approach strength-
ens the embedding space through an additional relation-preserving refine-
ment stage, whereas the present chapter focuses on a simpler pipeline that
improves video-level representation learning without adding graph-based
refinement modules or heavy post-processing. These two directions are there-
fore better understood as emphasizing different design priorities: relational
refinement on the one hand and compact, deployment-oriented video Re-ID
on the other.

Overall, the results support the main claim of this chapter: in the cost-
sensitive one-shot regime, a conservative similarity-based expansion strategy
combined with tracklet-level temporal modelling can provide a strong prac-
tical alternative to more heavily supervised or computationally demanding

solutions.

4.4.2 Ablation Study

In this section, we study the contribution of the main design choices in our
one-shot learning framework. Since this chapter targets resource-constrained
deployment, we focus on both retrieval accuracy and practical efficiency. We
tirst analyze the impact of backbone choice and regularization, then examine
how the progressive labelling pace (controlled by the generalization percentile
through §), affects convergence and final accuracy. Finally, we compare
pseudo-label assignment strategies to quantify the importance of conservative,

confidence-driven label expansion.

Backbone Model and the Effect of Regularization

In this section, we investigate the impact of different backbone models and

the effect of regularization on the performance of our Re-ID system. We
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TABLE 4.3: Performance comparison of different backbone
models on MARS and Duke datasets.

\ MARS Duke

Par.
Model mAP Rank- Rank- Rank- mAj Rank- Rank- Rank- M)

1 ) 20 1 ) 20
LRI 45.10) 63.50 | 77.10 | 83.60 | 66.5 | 75.1 | 85.6 | 922 | 255
K2l 52,100 69.60 | 81.60 | 87.20 | 68.6 | 76.2 | 87.5 | 933 | 255
GRS 55.5 | 722 | 844 | 89.6 | 729 | 78.6 | 88,5 | 93.7 | 255
Wiy 535 | 71.7 | 84.0 | 89.1 | 689 | 76.6 | 879 | 93.6 4.7

Shtkass 517 | 67.5 | 79.3 85.7 | 68.7| 764 | 87.6 93.3 1.8
Net

conducted experiments using five backbone networks: three variants of the
ResNet architecture (ResNet50, ResNet50v2, and ResNet50 with dropout
layers), as well as two lightweight CNNs, MobileNet and ShuffleNet. The
results of these experiments are summarized in Table 4.3.

The results indicate that ResNet50 with dropout layers provides the
strongest performance among the tested backbones across the reported
metrics on the MARS and Duke datasets. Specifically, ResNet50 with dropout
layers achieves a mean Average Precision (mAP) of 55.5% on MARS and
72.9% on Duke, which are the highest among the tested models. Similarly, for
Rank-1 accuracy, ResNet50 with dropout layers attains 72.2% on MARS and
78.6% on Duke, again surpassing the other models.

While ResNet50 with dropout provides the best overall performance,
MobileNet emerges as a particularly important backbone for practical de-
ployment. MobileNet achieves very similar results while being substantially
more resource-efficient, reaching 53.5% mAP and 71.7% Rank-1 on MARS
and 68.9% mAP with 76.6% Rank-1 on Duke, using only 4.7M parameters
compared to 25.5M for the ResNet-based backbones. This efficiency gap has
direct operational implications: MobileNet is well-suited for rapid initial
testing and iterative prototyping, where repeated training runs and frequent

configuration changes are needed but access to high-end GPUs is limited.
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More importantly, it is well-suited to small-scale deployments and constrained
network setups (e.g., small facilities, limited camera networks, or edge de-
vices), where investment in expensive compute infrastructure may not be
justified. In such cases, MobileNet offers a practical and cost-efficient option
for deploying a Re-ID-based tracking system with competitive performance
under limited hardware resources.

ResNet50v2 shows improved performance over the original ResNet50,
achieving mAPs of 52.10% on MARS and 68.6% on Duke. This suggests that
the architectural improvements in ResNet50v2 contribute to better feature
extraction and overall performance. However, adding dropout regularization
to ResNet50 with dropout layers further enhances performance, likely due to
its ability to prevent overfitting and improve generalization.

In contrast, the standard ResNet50 model achieves the lowest performance
among the ResNet variants, with an mAP of 45.10% on MARS and 66.5%
on Duke. The results from this model reinforce the benefit of incorporating
architectural refinements and regularization to enhance the RelD system’s
robustness and accuracy. Finally, ShuffleNet provides a compact configuration
with only 1.8M parameters, achieving 51.7% mAP with 67.5% Rank-1 on
MARS and 68.7% mAP with 76.4% Rank-1 on Duke, further supporting the
effectiveness of lightweight backbones when model size is a key constraint.

In summary, the results indicate that ResNet50 with dropout layers pro-
vides the strongest performance among the evaluated backbones while pre-
serving a reasonable balance between model capacity and generalization.
At the same time, MobileNet provides a highly attractive, resource-efficient
alternative for initial testing, rapid experimentation, and cost-sensitive deploy-
ments, enabling practical Re-ID adoption in settings where large infrastructure
investments are not warranted. The results underscore the significance of
selecting appropriate backbone models and incorporating regularization

strategies to optimize Re-ID performance.
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Generalization Percentile for Progressive Labelling

In this section, we investigate how our progressive labelling method’s gener-
alization performance is affected by the confidence saturation factor 6. The
experiments indicate that setting 6 to % provides the best balance between
the number of iterations and the final retrieval accuracy. This configuration
provides a practical compromise between computational cost, convergence
speed, and retrieval performance.

Setting J to 1 yields the highest observed accuracy. However, this gain
is accompanied by substantially higher computational cost and diminishing
returns relative to the extra training effort.

By comparison, the dynamic pacing strategy performs better than fixing
the number of iterations at 20, while still retaining a practical training schedule.
Although the fixed approach is less computationally complex, it compromises
some of the accuracy that could be achieved by making adaptive adjustments
tod.

When J is set to D, convergence is at its fastest, but retrieval performance
is at its weakest. This configuration rapidly reaches saturation, leading to
premature convergence and inadequate model refinement. The expedited
completion of iterations may be attractive for conserving resources, but the
trade-off in accuracy diminishes its desirability.

The results of this study are presented in Figure 4.4, where mAP, Rank-1,
Rank-5, and Rank-20 performance metrics are plotted against the proportion of
pseudo-labelled samples in dataset D,. These results show that the confidence
saturation factor plays an important role in balancing convergence speed,

computational cost, and retrieval accuracy.
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FIGURE 4.4: mAP, Rank-1, Rank-5, and Rank-20 results against

the percentage of pseudo-labelled samples in D, for the Mars

Dataset. The figure illustrates the trade-offs involving conver-

gence speed, resource consumption, and accuracy for different

values of the confidence saturation factor 4. Setting J to %

provides the best balance between the number of iterations and
accuracy.

Pseudo-Labels Assignments

This section evaluates the efficacy of our progressive labelling approach in
comparison to other pseudo-labelling strategies. These strategies include
generating all pseudo-labels using k-means clustering (Clustering@0%), per-
forming k-means clustering after pseudo-labelling half of the dataset (Cluster-
ing@50%), and relying exclusively on progressive labelling (Prog_learning).
Table 4.4 presents the findings of these experiments.

The initial strategy, clustering at 0%, entails generating all pseudo-labels
by employing k-means clustering solely on the initially labelled data. This
method requires only a single training iteration. Although this approach
is simple and requires minimal computational resources, it achieved the
lowest performance on both datasets, with mAPs of 42.00% on MARS and

52.1% on Duke. The Rank-1 accuracy was the lowest compared to the other
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TABLE 4.4: Performance comparison of different pseudo-
labelling strategies on MARS and Duke datasets.

MARS Duke
Model mAP | Rank-1 | Rank-5 | Rank-20 | mAP | Rank-1 | Rank-5 | Rank-20
Clustering@0% | 42.00 | 61.90 76.40 83.60 52.1 69.6 81.6 87.2
Clustering@50% | 48.70 | 66.20 79.70 8530 | 6340 | 72.40 83.90 91.20
Prog_learning 55.5 72.2 84.4 89.6 68.9 76.6 88.5 93.7

tested methods, suggesting that clustering alone is insufficient to achieve
high-quality pseudo-labelling in Re-ID.

The second strategy, clustering at 50%, employs k-means clustering after
pseudo-labelling half of the dataset. This approach requires only half the num-
ber of training iterations when compared to the progressive labelling strategy.
It demonstrates improved performance over clustering alone, achieving mAPs
of 48.70% on MARS and 63.40% on Duke. The Rank-1 accuracy experienced
a significant improvement, indicating that performing partial progressive
labelling prior to clustering can enhance the quality of pseudo-labels.

The last approach, progressive learning, depends entirely on gradually
assigning labels to the dataset without utilizing any clustering techniques.
Although this strategy requires multiple iterations, it performs better than
both of the clustering-based alternatives, achieving the highest mAP scores,
55.5% on MARS and 68.9% on Duke. The Rank-1 accuracy was the highest,
suggesting that progressive labelling improves pseudo-label reliability in this
setting.

In sum, the experiments demonstrate that progressive labelling outper-
forms clustering-based methods for pseudo-labelling in Re-ID. Although
clustering and clustering at 50% provide quicker training times, they sacrifice
accuracy. These results support the use of adaptive and iterative labelling

strategies when pseudo-label reliability is a primary concern.
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4,5 Conclusion

This chapter examined the one-shot, resource-aware regime of video-based
person Re-ID introduced earlier in the thesis. The focus in this regime is not on
maximizing performance under full supervision but on determining whether
useful Re-ID behaviour can still be obtained when only one labelled tracklet
per identity is available and computational resources are limited.

The results show that this regime remains viable when supervision is ex-
panded conservatively. Beginning with a minimal set of labelled anchors and
gradually using only pseudo-labelled tracklets with high confidence provides
a practical way to improve the learned representation while preventing the
spread of early label noise. In addition, the use of tracklet-level temporal
aggregation allows the model to exploit the information available in video
sequences more effectively than a purely frame-level formulation.

The experimental analysis also clarifies the main trade-off of this chapter.
Higher-capacity backbones, particularly ResNet50 with dropout, provide
the strongest retrieval performance, while lightweight alternatives, such as
MobileNet, remain attractive when computational efficiency is a primary
constraint. This distinction is important because the goal of the proposed
framework is not to replace fully supervised high-capacity systems but to
provide a practical option for deployments, where both annotation effort and
compute cost must be controlled.

Taken together, the findings of this chapter support the broader thesis
argument that video-based person Re-ID should be studied through mul-
tiple deployment regimes rather than through a single fixed solution. In
the specific cost-sensitive regime considered here, a one-shot anchor-based
learning strategy combined with progressive pseudo-labelling and temporal
modelling provides a practically meaningful approach within the constrained

deployment setting studied in this chapter.
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The next chapter moves to the fully supervised regime, where the con-
straint on manual labelling is relaxed and the design objective shifts from
efficiency under weak supervision to maximizing retrieval accuracy through

stronger spatiotemporal representation learning.
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Chapter 5

Supervised Video-Based Re-ID

This chapter presents our supervised video-based person Re-ID framework
for the ideal deployment regime where labelled training data are available
and computational resources are sufficient. Unlike the efficiency-oriented
regime in Chapter 4 and the domain adaptation setting discussed in Chap-
ter 6, this chapter isolates the highest-level performance achievable under
full supervision. Together, these regimes provide a comprehensive view
of the trade-offs between accuracy, efficiency, and adaptability in practical
video Re-ID deployment. We build on a ViT backbone previously trained
on ImageNet and introduce complementary global and local branches that
collaborate to combine frame-level and tracklet-level cues. In addition, we
incorporate loss fusion and ranking optimization to improve discriminability

and retrieval performance across multiple video Re-ID benchmarks.

5.1 Introduction

This chapter focuses on the supervised deployment regime for video-based
person Re-ID, where identity labels are available for training, and the main
objective is to maximize retrieval accuracy. Unlike the one-shot setting studied
in Chapter 4, the emphasis here is not on minimizing annotation requirements

or reducing computational costs, but rather on learning high-quality tracklet
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representations that remain discriminative under challenging appearance
variations.

Video-based Re-ID offers a richer setting than image-based matching be-
cause each tracklet contains multiple observations of the same identity across
time. These observations may capture complementary poses, viewpoints, and
partial visibilities, which can help reduce the effects of blur, occlusion, and
background clutter when the information is compiled efficiently. Therefore, in
the fully supervised regime, the key challenge is not the lack of labels, but how
to exploit the spatiotemporal structure of tracklets in a way that improves
discriminability and retrieval robustness.

To address this problem, we adopt a Vision Transformer (ViT) backbone
[16] and extend it with two complementary representation paths: (i) a tracklet-
level branch that aggregates information across the full sequence using spa-
tiotemporal attention, and (ii) a frame-level local branch that emphasizes fine-
grained cues through temporal feature shifting and localized salient-region
modelling. In addition, we optimize training using a fusion of identification-
and metric-learning objectives, and we improve retrieval at inference time
through a re-ranking procedure.

A broader review of supervised video-based person Re-ID and related
metric-learning strategies is provided in Chapter 2. In this chapter, we focus
only on the design decisions that are most relevant to the supervised set-
ting: stronger spatiotemporal aggregation, more effective local discriminative
modelling, and loss optimization to maximize retrieval performance.

The main contributions of this chapter may be summarized as follows:

* We propose an accuracy-oriented supervised video Re-ID framework
built on a ViT backbone that explicitly leverages tracklet information

rather than treating the task as a set of independent image matches.
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* We introduce a dual-branch design that combines (i) tracklet-level spa-
tiotemporal aggregation through a dedicated attention-based module
(SAN) and (ii) local discriminative modelling through temporal feature

shifts (TFS) and localized salience feature patches (LSFP).

¢ We replace dense uniform region tokenization with a low-token-count,
semantically grounded part-based representation derived from the hu-
man body parsing masks, improving robustness to pose variation and

background noise while remaining tractable for multi-frame processing.

* We adopt loss fusion (label-smoothed identity loss, hard-mined triplet
loss, and centre loss) to improve embedding discriminability, and we
apply a ranking optimization (re-ranking) stage that consistently boosts

retrieval metrics on larger-scale benchmarks.

* We provide extensive experimental evaluation across standard video
Re-ID datasets and a cross-platform setting, and we quantify the effect

of each module through ablation studies.

The remainder of this chapter is organized as follows. Section 5.2.1-
Section 5.2.3 presents the proposed architecture and feature extraction mod-
ules, followed by the loss design and ranking optimization. Section 5.3.2
reports quantitative comparisons on multiple benchmarks and discusses the
impact of re-ranking, and Section 5.3.4 provides an ablation study to isolate
the contribution of SAN, TFS, and LSFP. Finally, we conclude with a summary

of findings and practical considerations for supervised deployment.

5.2 Methodology

This section presents the design of our supervised video Re-ID framework.
While recent transformer-based models have demonstrated strong perfor-

mance in image-based Re-ID, directly applying them to video data does not
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FIGURE 5.1: Our model overview. Each frame is split into

patches, and position embeddings are added before feeding

them to our transformer model. We then send the generated

frame feature vectors to both the SAN and TFS modules to obtain
a tracklet-representative feature.

fully exploit the temporal structure of tracklets. In particular, standard ViT
architectures primarily model spatial relationships within individual frames
and lack mechanisms for effective temporal aggregation and fine-grained
local discrimination across sequences.

To address these limitations, we extend a ViT backbone with two com-
plementary feature extraction branches: a global branch that aggregates
tracklet-level spatiotemporal context and a local branch that enhances fine-
grained discriminative features across frames. In addition, we design a fused
optimization strategy and a re-ranking mechanism to further improve retrieval

performance.

5.2.1 Feature Extraction

As illustrated in Figure 5.1, the proposed framework comprises a shared
transformer backbone, followed by complementary global and local branches.

A key challenge in video-based Re-ID is how to represent a tracklet,
ensuring that both global temporal context and fine-grained appearance cues

are preserved. Relying solely on frame-level representations can lead to
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unstable matching due to occlusion or blur, while naive temporal aggregation
may dilute discriminative details.

To address this, we adopt a dual-level representation strategy based on
a shared ViT backbone. Each frame is first converted into a sequence of
patch tokens, which are then processed by a transformer encoder to pro-
duce frame-level features. These features are then propagated through two
complementary branches: a global branch that aggregates spatiotemporal
information across the tracklet and a local branch that enhances fine-grained
discriminative cues. Finally, the outputs of both branches are combined to
form a unified tracklet representation used for training and retrieval.

Formally, for each frame I € RHEXWXC where H, W, and C denote the
frame height, width, and channels, respectively, the input is divided into n
equal-sized patches. We calculate 7 as follows:

n= {H+1} X {WS_PH} (5.1)

where P and S are the convolutional operation’s patch and stride sizes. We
use a stride equal to the patch size (S = P) to ensure non-overlapping patches,
and no padding is applied. Each patch I, is then flattened and mapped to
D dimensions with a linear projection mapping function F. Lastly, both the
learnable class embedding I ;,ss and the learnable position embedding pos are

prepended to the frame vector as follows:

I= [lclass;]: (Ip(l)> ;F <Ip(2)> s F (Ip(n))} + pos, (5.2)

where pos € R("t1)*D and the frame vector I is used as input for the encoder.
The transformer encoder consists of multiple blocks. For the i-th block, the
input token sequence is first normalized and passed through the multi-head

self-attention (MSA) layer with a residual connection:
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X, = X;_1 + MSA (LN (X;_1)) (5.3)

The resulting sequence is then normalized and passed through the multi-

layer perceptron (MLP), again with a residual connection:

O; = X+ MLP (LN (X})) (5.4)

where X;_ is the input to the i-th transformer block, X! is the intermediate
output after self-attention, and O; is the output of the block. Since the output
dimension of each block is the same as the input dimension, O; can be passed
directly to the next transformer block, as discussed further in Section 5.2.3.

The encoder outputs are then processed by the two complementary
branches of our framework. In the global branch, frame-level features are
aggregated via a spatiotemporal attention network to produce a tracklet-level
descriptor. In parallel, the local branch applies temporal feature shift and
localized salience feature patches to improve fine-grained discriminative
modelling. Finally, the outputs of both branches are combined to form the
tracklet’s representation feature and used for subsequent loss optimization

and retrieval stages.

5.2.2 Mini-Global Model

A major challenge in tracklet-level modelling is the trade-off between cap-
turing long-range temporal dependencies and maintaining computational
efficiency. Processing all frames within a tracklet can be computationally
prohibitive and may introduce redundancy, as consecutive frames often
contain highly correlated information.

To balance these factors, we design a global branch that selectively ag-
gregates temporal information while controlling redundancy through frame

normalization.
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FIGURE 5.2: An illustration of our Spatiotemporal Attention

Network. Here, the query-memory attention block is connected

to the transformer block to generate the attention maps for each
frame of the tracklet.

The mini-global branch is designed to learn tracklet-level representations
that capture spatiotemporal dependencies across the sequence. This branch,
unlike the local branch, processes all frames within a tracklet rather than a
subset of sampled keyframes, generating more comprehensive video-level
features that capture spatial-temporal information across the tracklet. This
approach is computationally expensive and subject to diminishing returns
[14]. Downsampling reduces redundancy across highly correlated frames
and mitigates the impact of low-quality or noisy observations within the
tracklet. To control this variability, tracklets exceeding the average length
are subsampled by removing non-informative frames, while shorter tracklets
are augmented via frame duplication. This normalization reduces temporal
imbalance and stabilizes training.

However, simple temporal pooling is insufficient to capture complex inter-
frame dependencies, particularly when frames vary significantly in quality
or relevance. Therefore, we introduce a spatiotemporal attention mechanism
to selectively emphasize informative frames. As illustrated in Figure 5.2,
the SAN module computes attention weights across frames based on their

semantic relevance.
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Our network starts by feeding the tracklets to the transformer encoder as
frames. In the global branch, all frames that belong to the same tracklet will
be aggregated and downsampled to become an input to our spatiotemporal
attention network (SAN), inspired by [138], [164], [193]. This network consists
of a query-memory attention block, where each frame in the tracklet is
squeezed into a descriptor D using global average pooling (GAP), and the
memory M consists of the descriptors of the remaining frames in the tracklet.
By calculating the correlation map of each descriptor with the normalized
cross correlation (NCC), we compute the semantic relevance between D and
all the other descriptors in M. The final attention mask is calculated as a
softmax [165] layer applied to the correlation map. This block is followed by
a temporal average pooling (TAP) layer that generates a temporal attention
score, thereby creating a tracklet-level descriptor. A fully connected layer is

used at the end to predict the probability of the person’s identity.

5.2.3 Max-Local Model

While global aggregation captures overall temporal consistency, it may over-
look fine-grained local cues that are critical for distinguishing visually similar
identities. In particular, subtle differences in clothing texture, accessories, or
body parts may be diluted during global pooling.

To address this limitation, we introduce a local branch that enhances
discriminative features at the frame level while still incorporating temporal
information. In this branch, there is no downsampling. However, we do not
process every frame; instead, we randomly choose some keyframes.

To achieve this, we implemented two blocks: the temporal feature shift
(TFS) and localized salience feature patches (LSFP).

Since we still want to preserve temporal information in this branch, we
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developed our TFS module, which is inspired by shuffle networks for convo-
lutional neural networks (CNNSs) [194], [195], [196]. The original premise of
shuffle networks is to introduce temporal vision into a conventional 2D con-
volutional network without requiring kernel expansion. Thus, our proposed
block is a parameter-free module that reallocates the transformer decoder’s

output to capture the temporal dimension.

Temporal Feature Shift

Standard Vision Transformers are inherently designed for spatial modelling
and do not explicitly encode temporal relationships across frames. As a result,
they may fail to capture motion patterns and temporal dependencies that are
crucial in video-based Re-ID.

To introduce temporal awareness without modifying the transformer
architecture, we propose a TFS module that reallocates features to incorporate
a temporal receptive field. As illustrated in Figure 5.3, the TFS module
rearranges channel groups across frames to incorporate temporal context
without modifying the transformer architecture.

Since the transformer architecture remains unchanged, the input repre-
sentation must preserve both the original spatial structure and temporal
information across frames. Therefore, the transformed features maintain
the same dimensionality as the original input while incorporating temporal
context through feature reallocation. Given that each tracklet will have T
frames, a tensor [C, H, W] of H and W spatial dimensions and a channel size
of C will represent each frame. We divided each channel into T groups, each
with a C/T channel size. Each set of newly grouped features G will have the

shape of [C/T, H, W] and contain part of the frame spatial features:

fi= G167, Gt (5.5)
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FIGURE 5.3: Graphical representation of our temporal feature

shift network. Here, we aggregate the frames’ feature tensors

into temporal feature tensors f;, which contain the spatial

information of all sequential frames, thus providing non-local
perception.

denoting each group of index j at the i-th frame as gi,]-. Here, i indexes
the frame and j indexes the channel group, such that each transformed
feature aggregates information across frames at a fixed channel position.
TFS transforms the original feature tensor of the i-th frame f; to a new feature

tensor f; using the following equation:
fi= |5, G5 )T G5 (5.6)

where 1 < i < T, and j will be the group at the i-th index of the slicing
operation along the channel dimension. For instance, G ; indicates the first
feature group from the first frame tensor. As a result, the new feature tensor
f: contains the spatial information of all sequential frames and serves as an
input to the following transformer block. Furthermore, we argue that—unlike
He et al.’s [196] and Alsehaim and Breckon’s [125] implementations, which

only shift features by S steps between neighbour frames, weakly representing
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temporal information—our implementation takes advantage of the non-local
details in the tracklet. Our experiments demonstrate the effectiveness of our

approach to feature shifting in section 5.3.4.

Localized Salience Feature Patches

Existing Re-ID models often utilize horizontal stripes to extract localized
features [41], [125], [197], [198]. The horizontal-striping approach divides
the human image into several fixed horizontal bands (stripes) and pools the
features within each band to obtain local descriptors. This design is simple
and effective for many image-based Re-ID tasks because it provides alignment
of body regions (e.g., head /upper-body/lower-body) with relatively low
computational costs. While horizontal partitioning is simple and effective in
many image-based settings, it can be compromised when body part locations
shift due to pose, viewpoint, or occlusion. Thus, Lee et al. [174] propose
REET (region-enhanced tokenization), which generates many region tokens
via dense horizontal and vertical slicing to enrich local representations. While
REET demonstrates improvements in image-based settings by increasing re-
gion coverage and diversity, it has two practical limitations for video/tracklet
Re-ID. First, REET produces a large number of regions (e.g., 64 regions in
their example), which increases the computational cost of the multi-head
self-attention because its complexity grows quadratically with the number of
tokens [141]; this becomes prohibitive when processing multiple frames per
tracklet. Second, REET is not specifically designed to address intra-tracklet
temporal variations (pose changes, occlusions, and vertical misalignment
across frames), which are central challenges in video Re-ID. Motivated by
REET’s insight (region-enhanced tokenization) but mindful of these limita-
tions, we propose a semantically grounded, low-token-count alternative better
suited for video tracklets. To overcome the limitations of fixed horizontal

stripes and dense uniform slicing for video Re-ID, we replace horizontal
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striping with human-body-parsing masks. Specifically, our parser produces
four semantic masks per frame: head, torso, legs, and hands. These masks
yield semantically coherent regions that are robust to pose and viewpoint
variations, reduce background noise, and keep the number of tokens low
for efficient temporal aggregation. The parser incorporates boundary-aware,
hybrid-resolution, and edge-guided strategies to improve part localization
and small-part delineation [199].

Let M = {head, torso, legs, hands} denote the set of semantic part masks,
and let P = | M| = 4. For a tracklet t with T frames, and for part p € M, let
Sy, € R? denote the pooled feature vector extracted from frame j restricted
to part p. The vector S, ; is obtained by applying mask p to the feature map
of frame j (pixel-wise multiplication of the mask and feature map), followed

by spatial pooling. We arrange the per-part, per-frame features into a tensor:

Shead,1 " Shead,T
= 1 | eRPXT (5.7)

Shands1 * " ShandsT
To obtain a robust per-part descriptor across the tracklet, we perform
part-based temporal aggregation with area normalization to compensate for

variable mask sizes and partial occlusions:

peM, (5.8)

N\
=

1 T

H, = T Z

j=1

where Z, ; is a normalization scalar proportional to the mask area in
frame j. For binary masks, Z,; = |mask, ;| (number of mask pixels); and
for soft/probability masks, Z,, ; = }_mask,, ;. This normalization encourages
consistent magnitudes across parts and frames, reducing the influence of

small/partial masks (e.g., when a part is heavily occluded).

This formulation provides inherent robustness to partial occlusion. When
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a body part is occluded in a given frame, the corresponding mask area Z,, ;
becomes small, reducing its contribution to the aggregated feature. At the
same time, temporal aggregation across frames ensures that information from
visible instances of the same part is preserved. Moreover, since the represen-
tation is constructed from multiple semantic parts, occlusion affecting one
region (e.g., hands or legs) does not eliminate the contribution of other visible
parts (e.g., torso or head), allowing the model to maintain discriminative
identity cues despite partial visibility.

After computing the per-part descriptors Hy, the tracklet descriptor is
formed by concatenation, followed by an optional projection and normaliza-

tion:

D; = Norm (Wproj [Hhead H Hiorso H Hlegs H Hhands}) ’ (5.9)

where || denotes concatenation, Wpoj € RY*4 s an optional learnable
linear projection, and Norm(-) denotes ¢, normalization applied to the final
descriptor. As illustrated in Figure 5.4, the proposed LSFP approach replaces
conventional uniform patching strategies (e.g., horizontal or grid-based par-
titions) with semantically aligned body-part masks. This design allows the
model to focus on discriminative regions while suppressing background noise,

which is particularly beneficial under occlusion and viewpoint variation.

5.2.4 Loss Optimization

In supervised Re-ID, relying solely on classification loss may lead to subop-
timal embedding structures, while metric learning alone may struggle from
unstable convergence. To address this, we combine both objectives in our

fused loss as follows:

g}‘ = - Elsld + [3 . gHTri + - gcenter (510)
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A) VPPF B) LSFP (ours) C) REET

FIGURE 5.4: Examples of features patching. A) VPPF [125]:

Horizontal stripes-based features patching with strip size of 4.

(B) LSEP (ours): human body parsing masks with self-attention

and background suppression. (C) REET [174]: Regional stripes-
based with 8x8 strip size.

where «, B, and <y are parameters to control the weight of each one of
the three loss functions. Where £, 1, is the label smoothing classification loss
function, adapted from [200], and /1y, is the hard-mined triplet loss function
introduced in [81]. We also adopted both the centre loss function used in
[201] and their inference stage between the feature embedding and the fully

connected layer to improve loss convergence.

5.2.5 Ranking Optimization

Although the learned embeddings provide strong initial retrieval performance,
the ranking process may still fail to recover hard positive samples due to
subtle appearance variations, occlusions, or viewpoint changes. In such cases,
relevant identities may not appear in the top-ranked results, despite being
close in the embedding space.

To address this limitation, we apply a re-ranking strategy that exploits

the local neighbourhood structure of the feature space. By incorporating
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reciprocal nearest neighbours, the re-ranking process refines the similarity
relationships between query and gallery samples, allowing hard positive
matches to be recovered and improving the overall ranking quality.

The rank-« list of candidates for a query image y is defined as :

K(x,x) =181, g}, where |[K(x,x)| =« (5.11)
Inspired by [25], [202], the re-ranked list K is then defined as:

R(0K) 4 K(xx) UK 3%)

1

s.t. HIC()(,K) NK(o, %K) > % HIC(Q, EK) (5.12)

Vo € K(x,x)

The resulting list will have more positive samples related to the candidates
than the query image itself. We can express those samples as hard positive
candidates not included in the original list due to variations in occlusion, pose,
or illumination. Next, we re-calculate the distance between the query image x

and any gallery image g; as the overlap percentage between their R sets:

IR (x, %) N R(gi, )l

D(x,8i) =1- IR(x, %) UR(gi «)||

(5.13)

This formulation effectively captures contextual similarity by consider-
ing shared neighbourhood structure rather than relying solely on pairwise
distances. As a result, it improves robustness to local ambiguities in the
embedding space.

We can then define the K re-ranked list K as a list of k¥ nearest neigh-
bours’ gallery images G = {g1, ...., g« } from the query x, where D (x, gi) <
D (x,8i+1)- Our experimental results demonstrate that re-ranking raises

overall accuracy when the dataset is large. However, we can observe that it
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negatively affects the results when dealing with small datasets. This degrada-
tion is likely due to unreliable neighbourhood structure in smaller datasets,
where limited samples reduce the effectiveness of reciprocal nearest-neighbour

relationships.

5.2.6 Framework

We adopt the Bag-of-Tricks [201] as a strong and well-established reference
framework and extend it with a transformer-based backbone [16] and the
proposed strategies described in [125], [135], [139] to better capture spatiotem-

poral dependencies.

Algorithm 2 Supervised video Re-ID

Input: Training set Dt , evaluation set Dg , pre-trained ViT model fy
Output: best ViT model fy

Do random erasing augmentation [203] on Dt
Remove the last stride [41] from the pre-trained ViT model fy
Add attention layers to the pre-trained ViT model fy
Add TFS and LSFEP to the pre-trained ViT model fy
Split D into training set Dy,,;, and validation set D,
while not converged do

Train the model using a batch from Dy,

Update ¢g1; via the fusion loss £ in Eq. 5.10.

Validate the model using a batch from D,

Update /£, 1; via the fusion loss £ in Eq. 5.10.

Update £center via the fusion loss £ in Eq. 5.10.

_ =
— O

—_
N

: Evaluate the model using Dg
: Apply re-ranking using Eq. 5.13.
: Evaluate the model again using Dr after re-ranking

—
= W

5.3 Experiments

We follow a similar setting to the baseline and most state-of-the-art works to
facilitate comparison. A ViT pre-trained on ImageNet is used as a backbone.

Before training, each frame is flipped horizontally and then applied to random
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erasing [203]. We kick-started network performance using the warm-up strat-
egy [77] and optimized our model by setting the gradient descent momentum
to 0.9. We resized all frames to 256x128 and set the batch size to 8, with each

tracklet consisting of four randomly selected frames.

5.3.1 Experimental Settings

We evaluate the proposed supervised video Re-ID framework using the
standard retrieval metrics defined in Chapter 3. In particular, we report
CMC at Rank-1 together with mean average precision (mAP), and include
mean inverse negative penalty (mINP) to better reflect retrieval quality for
harder matches. Since evaluation is performed at the tracklet level, each query
corresponds to a query tracklet, and the gallery contains tracklets defined by
the corresponding dataset protocol. In this chapter, these metrics are used to
assess both top-rank retrieval accuracy and the overall quality of the ranked

retrieval list.

5.3.2 Results and Comparison

As shown in Table 5.1, the proposed model achieves competitive performance
across all three datasets prior to re-ranking (MARS: mINP 58.5%, mAP 84.5%,
Rank-1 94.3%; LS-Vid: mINP 61.8%, mAP 83.8%, Rank-1 90.2%; iLIDS-VID:
mINP 73.5%, mAP 88.6%, Rank-1 98.6%). After applying re-ranking, consis-
tent improvements are observed across all benchmarks (MARS: mINP 79.5%,
mAP 91.6%, Rank-1 96.3%; LS-Vid: mINP 71.4%, mAP 85.3%, Rank-1 93.6%;
iLIDS-VID: mINP 77.9%, mAP 89.2%, Rank-1 98.6%).

On MARS, the re-ranked model achieves performance comparable to or
exceeding several transformer-based approaches on Rank-1 accuracy, while
remaining competitive on mAP. On iLIDS-VID, the model achieves Rank-1

accuracy on par with the strongest reported results. On LS-Vid, while some
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TABLE 5.1: Evaluation results on MARS, LS-Vid, and iLIDS-VID
using mINP, mAP, and Rank-1. The best result in each metric is
shown in bold.

Method MARS | i | iLIDS-VID
BagOfTricks [201] 62.0 81.6 85.8 - - - 82.2 - 74.0
CoSeg [138] 57.8 79.9 84.9 - - - - - -
AGW [140] 63.9 83.0 87.6 - - - 89.0 - 83.2
BiCnet [139] - 86.0 90.2 - 75.1 84.6 - 90.4 98.3
PiT [147] - 86.8 90.2 - - - - - 96.5
ViT [174] - 90.7 78.6 - - - - - 74.2
VID-Trans [125] - 86.4 94.7 - - - - - 96.6
TMT [148] - 85.8 91.2 - - - - 91.3 98.6
DCCT [150] - 87.5 923 - - - - 917 98.4
LSTRL [149] - 86.8 91.6 - 82.4 89.8 - 92.2 98.6
CLIP-RelD [155] - 88.1 91.7 - 80.6 88.8 - - -
T™ [126] - 89.9 95.9 - - - - - -
AG [152] - 91.5 93.2 - 87.3 93.2 - 96.3 98.5
Ours 58.5 84.5 94.3 61.8 83.8 90.2 73.5 88.6 98.6
Ours + Re-ranking 79.5 91.6 96.3 71.4 85.3 93.6 779 89.2 98.6

methods report higher baseline mAP, the proposed approach demonstrates
clear improvements after re-ranking, particularly in Rank-1 performance.

On the cross-platform AG-VPRelID benchmark (Table 5.2), the proposed
method achieves competitive cross-domain retrieval performance, with im-
provements observed after re-ranking. In particular, the model yields strong
results in both Aerial #Ground and Ground—Aerial settings, indicating
robust generalization across viewpoints.

Overall, these results show that the proposed framework performs con-
sistently at a level comparable to state-of-the-art methods, with re-ranking
providing a significant contribution to improving retrieval accuracy across
different datasets.

To further illustrate the retrieval behaviour of the proposed model, Fig-
ure 5.5 presents qualitative examples of top-ranked results. In most cases
(Figure 5.5(a—c)), the correct identity is consistently retrieved within the top
ranks despite variations in pose, viewpoint, and background clutter. This

indicates that the learned representations are robust to intra-tracklet variations
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TABLE 5.2: Evaluation results on video-based dataset AG-
VPRelD using mAP, and CMC.

Aerial 2 Ground Ground— Aerial

Method S
mAP  Rank-1 mAP  Rank-1
BiCnet [139] 59.8 69.2 54.3 64.7
TMT [148] 60.8 70.5 55.9 65.8
DCCT [150] 61.5 71.2 56.6 66.4
LSTRL[149] 61.7 71.3 56.7 66.5
CLIP-RelD [155] 62.3 71.6 57.2 66.8
TM [126] 54.7 63.9 55.3 68.3
AG [152] 64.0 71.9 58.0 75.6
Ours 65.2 73.6 56.4 74.2
Ours Reranked 65.7 72.2 58.6 76.1

and effectively capture discriminative identity cues.

However, faulty cases are also observed, as shown in Figure 5.5(d), where
the query originates from Camera 6, which exhibits a larger domain shift
compared to other cameras. This leads to an incorrect match at lower ranks,
highlighting the impact of cross-camera variation on retrieval performance.
This behaviour is consistent with the limitations discussed in Section 4.4.1,
where domain shift can degrade feature consistency across views. Compared
to the one-shot setting, the supervised framework reduces but does not
completely eliminate such effects, particularly in scenarios with significant

cross-camera discrepancies.

5.3.3 Analysis

Recent transformer-based and hybrid methods (e.g., TMT, DCCT, VID-Trans,
and TM) aim to improve video Re-ID performance through enhanced spa-
tiotemporal modelling. These approaches typically focus on architectural
modifications to better capture temporal dependencies and spatial context

across frames.
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FIGURE 5.5: Qualitative retrieval examples on the MARS dataset.

For each query (left), the top-5 retrieved tracklets are shown.

Green boxes indicate correct matches, while red boxes indicate

incorrect matches. Case (d) illustrates a failure due to cross-
camera domain shift (Camera 6).
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In comparison, our results show that the proposed framework achieves
competitive performance across multiple benchmarks, with particularly
strong improvements after re-ranking. On the MARS dataset, the re-ranked
pipeline achieves Rank-1 accuracy comparable to or exceeding several
transformer-based methods, indicating that the learned embeddings are
highly discriminative at the identity level. This suggests that the combination
of global spatiotemporal aggregation (SAN) and local discriminative
modelling (TFS and LSFP) effectively captures both coarse and fine-grained
identity cues.

Furthermore, methods such as DCCT emphasize complementary feature
learning via hybrid architectures, whereas our approach achieves similar
performance with a unified transformer-based design. This indicates that
explicitly separating global and local representation pathways can provide
comparable benefits without introducing additional architectural complexity.

On the other hand, approaches that rely heavily on large-scale pretraining
(e.g., CLIP-ReID and AG) demonstrate strong baseline mAP performance by
leveraging external data and multimodal supervision. While such methods
achieve higher performance in certain metrics, our results show that, after re-
ranking, the proposed model attains comparable Rank-1 accuracy on several
benchmarks. This highlights the effectiveness of our architecture in learning
discriminative identity features directly within the supervised video Re-ID
setting, without relying on additional pretraining modalities.

Overall, these results suggest that performance gains in supervised video
Re-ID are not solely dependent on larger models or external data but can also
be achieved through a balanced design that integrates global temporal context
with fine-grained local discrimination. The consistent improvements observed
after re-ranking further indicate that the learned feature space preserves
meaningful neighbourhood structure, enabling more accurate retrieval when

contextual relationships are exploited.
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TABLE 5.3: Ablation study on Mars and LS-Vid

Mars LS-Vid
Method
Rank-1 mAP Rank-1 mAP
ours without TFS 93.2 86.0 | 86.5 78.1
ours without LSFP 92.5 88.4 | 87.1 77.2
ours without SAN 90.4 852 | 81.4 74.6
ours with TCSS 95.3 89.1 | 88.1 82.4
ours with NLA-CNN 91.4 85.7 | 82.1 76.4
ours Full implementation | 96.3 91.6 | 93.6 85.3

5.3.4 Ablation Study

We conduct an ablation study to quantify the contribution of each component
in our framework on Mars and LS-Vid (Table 5.3). Our full implementation
achieves 96.3% Rank-1 and 91.6% mAP on Mars, and 93.6% Rank-1 and 85.3%
mAP on LS-Vid.

TFS and LSFP: We first evaluate the impact of temporal feature shift (TFS)
and localized salience feature patches (LSFP). Removing TFS decreases per-
formance from 96.3/91.6 to 93.2/86.0 on Mars (3.1 Rank-1, 5.6 mAP) and
from 93.6/85.3 to 86.5/78.1 on LS-Vid (7.1 Rank-1, 7.2 mAP). This indicates
that explicitly shifting and aligning temporal features improves robustness
to motion and frame-to-frame appearance variations. Similarly, removing
LSFP reduces accuracy to 92.5% Rank-1 and 88.4% mAP on Mars (3.8 Rank-1,
3.2 mAP) and to 87.1% Rank-1 and 77.2% mAP on LS-Vid (6.5 Rank-1, 8.1
mAP). These results suggest that localized salient regions provide complemen-
tary discriminative cues that are not fully captured by global/tracklet-level
aggregation alone.

LSFP parser: We further evaluate the sensitivity of LSFP to the boundary-

penalty weight § used in the body-part parsing stage. To analyze the impact
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of the body-part parsing parameters, Figure 5.6 reports downstream mAP
and Rank-1 while varying ¢ for each semantic part. We observe a clear part-
dependent optimum: head and hands achieve their best accuracy at § = 1.5,
whereas torso and legs peak at 6 = 1.0. We attribute this difference to scale.
Head and hands occupy smaller regions and often have weaker contrast and
more ambiguous boundaries; consequently, boundary blur or mask leakage
can affect a relatively large portion of the pooled features, making sharper
boundaries (larger J) beneficial. In contrast, torso and legs cover larger areas
and are less sensitive to minor boundary smoothing, while overly strong
boundary penalties may over-regularize the masks near part transitions and
slightly reduce discriminative content. Based on these results, we adopt a
mixed setting in our main experiments to favour the more boundary-sensitive
small parts while maintaining competitive performance on larger regions.
SAN: Our spatiotemporal attention network (SAN) includes a dedicated
tracklet-level branch that aggregates information across the entire sequence,
complementing the frame-level /local representations. Disabling SAN causes
the largest drop in both datasets: on Mars, performance decreases to 90.4/85.2
(5.9 Rank-1, 6.4 mAP), and on LS-Vid it decreases to 81.4/74.6 (12.2 Rank-1,
10.7 mAP). This confirms that spatiotemporal modelling at the tracklet level is
essential for video-based Re-ID.

Replacing sub-modules with alternative designs: To assess whether our
gains come from the specific design of each component, we substitute TFS
with TCSS [125] and replace SAN with an NLA-CNN variant following [140].
Using TCSS yields 95.3/89.1 on Mars and 88.1/82.4 on LS-Vid, which are con-
sistently lower than the full model. Replacing SAN with NLA-CNN further
reduces performance to 91.4/85.7 on Mars and 82.1/76.4 on LS-Vid. Overall,
Table 5.3 shows that each proposed component contributes complementary
improvements, and their combination produces the best performance across

both benchmarks.
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FIGURE 5.6: Effect of the boundary-penalty weight § in the
human body-part parsing module used by LSFP, measured in
downstream Re-ID performance. Since LSFP pools features
within the predicted part masks (head, torso, hands, and legs),
J influences the quality of the part regions and, consequently,
the final tracklet descriptor. The results show a part-dependent
optimum: § = 1.5 yields the best performance for the smaller
regions (head and hands), whereas 6 = 1.0 is optimal for the
larger regions (torso and legs). This behaviour is consistent with
boundary sharpness being more critical for small parts, where
minor boundary blur or leakage can corrupt a large fraction of
the pooled features, while larger parts are less sensitive and can
be over-regularized by excessively strong boundary penalties.

5.4 Conclusion

This chapter presented a supervised video-based person Re-ID framework for
the accuracy-oriented deployment regime, where identity labels are available
and the primary objective is to maximize retrieval performance. In contrast
to the resource-constrained setting studied earlier, this chapter examined the
highest-level performance achievable when full supervision and sufficient
computational resources are assumed. The proposed framework combines a

ViT backbone with complementary global and local representation branches
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to exploit both tracklet-level spatiotemporal context and fine-grained identity
cues.

The experimental results demonstrate that the proposed design consis-
tently improves retrieval performance across multiple benchmarks. More
importantly, the results reveal that global and local modelling play com-
plementary roles in supervised video Re-ID. The spatiotemporal attention
mechanism (SAN) enables robust aggregation of tracklet-level context, while
the local branch (TFS and LSFP) enhances fine-grained discriminative cues
that are critical for distinguishing similar visual identities. The combination of
these components leads to a more structured and discriminative embedding
space, as reflected in the substantial gains achieved through re-ranking. This
indicates that the learned representations preserve meaningful neighbour-
hood relationships, allowing contextual refinement to recover hard positive
matches.

More broadly, this chapter establishes that achieving high performance in
supervised video Re-ID requires an explicit balance between global temporal
aggregation and fine-grained local discrimination within a transformer-based
framework. The proposed design demonstrates that neither component alone
is sufficient and their integration leads to more robust identity representations
under real-world challenges such as occlusion, viewpoint variation, and
temporal inconsistency.

In the context of the overall thesis, this chapter provides an upper-bound
reference for performance under full supervision, complementing the more
constrained deployment regimes explored in earlier and subsequent chapters.
These findings offer practical guidance for designing video Re-ID systems
under varying levels of supervision and highlight the importance of aligning
architectural choices with the constraints of the target deployment scenario.

Taken together, these results indicate that carefully designed transformer-

based architectures, when guided by principled integration of temporal and
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spatial cues, can effectively address the core challenges of video Re-ID. This
insight provides a foundation for extending such designs to more constrained

and realistic deployment settings explored in the remainder of this thesis.
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Chapter 6

Transductive Video Re-ID

This chapter is based on our published work [10], with minor revisions for thesis

coherence and additional experiments.

6.1 Introduction

This chapter focuses on the transductive setting for video-based person Re-ID,
where a labelled source dataset is available, but the target dataset contains
no identity annotations. In this regime, the central challenge is not label
scarcity alone, but the domain gap between the source and target distributions.
Differences in viewpoint, illumination, resolution, scene layout, and camera
characteristics often cause models trained on one dataset to degrade when
evaluated on another.

In video-based Re-ID, this difficulty is amplified by the interaction between
temporal dynamics and appearance variation across surveillance environ-
ments. A model that performs well on benchmarks, such as MARS or
Duke, may suffer substantial performance loss when transferred to a different
dataset such as LS-VID. This makes domain adaptation essential for practical
deployment, especially when target-domain labels are unavailable.

To address this setting, we introduce a Deep Transductive Learning (DTL)
framework for video-based person Re-ID. The proposed method combines a

transformer encoder for spatiotemporal feature extraction with an adversarial
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minimax optimization strategy to encourage domain-invariant representation
learning. Unlike approaches that rely only on clustering or simple domain
confusion, our framework uses two complementary classifiers whose disagree-
ment serves as an explicit signal of domain discrepancy. By minimizing this
discrepancy through adversarial training, the encoder is encouraged to learn
features that remain both transferable across domains and discriminative for
identity matching.

A broader review of transfer learning, domain adaptation, and prior video-
based Re-ID adaptation methods is provided in Chapter 2. Here, we focus on
the aspects that directly motivate the proposed DTL framework. In particular,
this chapter addresses the still-limited use of transformer-based backbones in
domain-adaptive video Re-ID, despite their strong spatiotemporal modelling
ability in the supervised setting.

This chapter makes the following contributions:

* Novel DTL framework: We propose an architecture that integrates
Vision Transformers (ViT) with adversarial dual discriminators to ex-

plicitly reduce domain gaps while maintaining discriminative power for

Re-ID.

¢ Domain generalization across challenging datasets: We conduct exten-
sive experiments on the LS-VID dataset, which, to our knowledge, has

been less explored outside the supervised setting.

* Comprehensive evaluation: We benchmark against state-of-the-art
semi-supervised and adversarial models, perform ablation studies on
the discrepancy loss and classifier design, and provide a detailed analy-

sis of model behaviour under domain shift.

The remainder of this chapter is organized as follows. Section 6.2 details
the proposed methodology, including encoder design, adversarial dual dis-

criminators, and training strategy. Section 6.3 presents the experimental setup,
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results, and ablation studies. Finally, Section 6.4 concludes with a summary of

the findings and their implications.

6.2 Methodology

This section describes the proposed DTL framework for unsupervised domain
adaptation in video-based Re-ID. The goal is to learn representations that
are discriminative for identity recognition and robust to domain shifts across
cameras and datasets. To achieve this, we integrate four key design elements:
(i) a ViT encoder for spatiotemporal feature extraction, (ii) camera embeddings
to model inter-camera variation, (iii) dual classifiers whose disagreement
provides an adversarial signal, and (iv) a three-stage training strategy based

on minimax optimization.

6.2.1 Problem Statement

Prior studies and empirical observations suggest that many Re-ID models
are affected by overfitting. This behaviour becomes evident during cross-
dataset evaluation, where models achieving over 90% accuracy when trained
on a dataset often exhibit a drastic decline, dropping below 40% accuracy
when evaluated on a different dataset (e.g., [72], [123]). This observation
motivates our formulation of a transductive learning problem: given a labelled
source dataset Ds and an unlabelled target dataset D;, the goal is to transfer
discriminative knowledge from D; while adapting the learned features to
remain effective in D;. As such, we introduce a novel approach to address
domain shifts in video-based person Re-ID. The proposed model begins
by pre-training on the ImageNet dataset. Subsequently, we fine-tune the
model on a labelled video-based Re-ID dataset. This dataset is then treated
as the source domain for the subsequent adversarial training. We then train

our adversarial network on a separate, unlabelled dataset, similar to the
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FIGURE 6.1: Illustration of DTL network model. Each frame is
divided into patches, and position and camera embeddings are
incorporated before the patches are input into the transformer
block. The encoder Fy produces Tracklet Descriptors, and
depending on their origin (source or target), classifiers (A and
B) select from three losses. The path indicated by the red arrow
passes through the Gradient Reversal Layer and into the encoder
during our third objective.

source dataset but with variations in terms of illumination, viewpoints, and
background noise. This methodology encourages the model to learn features

that are invariant across domains and camera perspectives.

6.2.2 Overall Idea and Model

At its core, our model consists of three primary networks: an encoder and
two classifiers (Figure 6.1), which are referred to as a feature generator and
discriminators in the context of GANs. The encoder is a Vision Transformer
that produces tracklet-level embeddings, while the classifiers act as task-
specific discriminators. Drawing inspiration from the approach outlined
by Saito et al. [204] and the theorem presented by Ben-David et al. [205],
we introduce dual classifiers with different initializations, unlike domain
adaptation methods that rely on a single domain discriminator. The rationale

is that two classifiers, trained on the same source domain, will agree on
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confident samples but diverge on ambiguous or domain-shifted samples. This
divergence provides a natural adversarial signal: the more the classifiers
disagree, the more the encoder is encouraged to refine its features to reduce
this discrepancy. This approach addresses domain shift in two complementary
ways. First, it minimizes the disparity between the overall domains of the two
datasets. Secondly, a unique embedding for each camera within both domains
is encoded using our transformer network to emphasize camera-invariant
features.

Given a source dataset domain D; consisting of 1 labelled tracklets with
their corresponding labels ), a target dataset domain D; of n; unlabelled
tracklets, and an encoder function Fy that generates features, DTL aims to
align source and target characteristics by employing task-specific classifiers
as discriminators to account for the correlation between class boundaries
and target features. Identifying target features distant from class support is
necessary to achieve this goal. The classifier trained using the source features
will likely misclassify these target features due to their proximity to the class
boundaries. Moving forward, we suggest leveraging the discrepancy between
the two classifiers” predictions of the target features to identify them.

In addition, we incorporate camera embeddings into the transformer
input sequence. Each tracklet frame is tagged with its corresponding camera
ID, which is encoded as a learnable vector. By explicitly injecting camera
information, the model can differentiate between person identity features and
camera-specific characteristics, such as illumination or viewpoint. This design
is especially important for multi-camera datasets, where the same individual

may appear drastically different across cameras.
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6.2.3 Features Generator

To obtain representative feature vectors for each video tracklet, we first gener-
ate frame-level features and then aggregate them into tracklet-level features.
We incorporate and encode patches to extract frame-level characteristics from
our ViT encoder by dividing each frame into patches and adding position
embedding before feeding them to our transformer model [16]. For each
frame I € REXWXC where H, W, and C represent the frame height, width,
and channels, we divide the frame into 1 equal-sized sections. To determine
n, we use the convolutional operation’s patch and stride sizes, P and S, as

follows:

H-P W—P
n:{T—i-l}x[ S +1} (6.1)

Next, we flatten and map each patch I,y to D dimensions using the linear
projection mapping function ;. Finally, the frame vector I is prepended with

the learnable classifier I., camera Cam, and position Pos embeddings:

I=06-Pos+(1=0)-Cam+ |I5F (L) )i Fe (L) i+ 5 e (L) |
(6.2)
where Pos € RUFTD*D Cam € RNIXD | AL is the total number of cameras,
and [ is the encoder input vector. Finally, the transformer encoder generates

the frame-level features as an output 7; of the i frame:
Ti=1+ MSA(LN(I)) + MLP(MSA(LN(I))) (6.3)

After layer normalization (LN), the transformer block utilizes a multi-head
self-attention (MSA) layer and a multilayer perceptron (MLP). The network
aggregates the transformer encoder output to feed our Spatiotemporal At-

tention Network (SAN), inspired by [138], [164], [193]. This network uses a
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query-memory attention block, where each frame is compressed into a de-
scriptor D using Global Average Pooling (GAP), and the memory M contains
the remaining frames’ descriptors. Normalized Cross Correlation (NCC) is
used to compute the correlation map for each descriptor by measuring the
semantic relevance between D and all other descriptors in M. To compute
the final attention mask, a softmax layer is added to the correlation map [165].
Subsequently, the feature vectors used by the classifiers are generated by a
Temporal Average Pooling (TAP) layer, which takes a temporal attention score

and produces tracklet-level descriptors D;.

6.2.4 Adversarial Dual Discriminators

Given two classifiers (A and B) that correctly identify labelled source samples,
each with distinct characteristics and initializations, our first objective is to
maximize and utilize the differences in their predictions on target samples,
especially those beyond the source samples” support, which will likely have
different classifications. Our second objective is to force the encoder to refrain
from generating target features unsupported by the source by measuring the
disagreement between these classifiers and training our encoder to minimize
it. Thus, our objective becomes a minimax optimization problem.

Equation 6.4 depicts the discrepancy loss, expressed as the absolute differ-

ence between the probabilistic outputs of two classifiers:

1 K
d(paps) =2 L Ipa—psl, (6:4)
k=1

where p 4, and pp, represent the probability outputs of classifiers A and B for
class k in K, respectively. Therefore, our adversarial loss can be expressed as

the disparity between the predictions of label y of the two classifiers for each
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tracklet x; in D;, formulated as follows:

futolDi) = - Y d (paty | 1), pi(y | 30) ©5)
t=1

We can further define the identification loss ¢;;, which serves as the
classification loss during training on the source dataset for both classifiers.
This loss is computed as the cross-entropy between the probability of a tracklet

xs belonging to its own label class ys, expressed as:

lig (Ds/ ys) = - Z log P(]/s | xs) (6.6)
s=1

During the early phase of training, we incorporate triplet loss, employing
positive « and negative  pairs to optimize our feature generator. This involves
drawing the tracklet x; closer to the positive sample while simultaneously

pushing it away from the negative one.
ETI’Z (xS, 0‘, B) = max {O, m + de/“ — de/ﬁ} ’ (6.7)

where m is the minimum margin between the two pairs.

6.2.5 Training Strategy

After pretraining the encoder on ImageNet, we address the training challenge

through a three-step process (Figure 6.2 ):

Our first objective is to train the classifiers and the encoder to appropriately
classify the source data. Ensuring that the classifiers and encoder gain task-

specific discriminative features is crucial in this stage. We do this by reducing
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both the identification and triplet losses:

.F(;lr,r}éli:,lBg = 7 4ig (Ds, Ys) + (1 =) - L1 (Ds), (6.8)

where 7 is a parameter to control the weight of the two loss functions.

Subsequently, the classifiers (A and B) are trained to function as discrim-
inators for our encoder Fy after we freeze its weights. With the classifiers
trained to amplify the discrepancy between domains, they become adept
at detecting target samples beyond the boundaries of the source domain’s
support. During this stage, we retain the classification loss for the source
samples while excluding the triplet loss. Instead, we apply the adversarial
loss to the target samples. Furthermore, we ensure that an equal number
of source and target samples are utilized to update the model. Hence, our

second objective function becomes:

min — lig (Ds, Vs) — Lago(D), (6.9)
Ay By

The final objective is to train the encoder Fy to minimize the discrepancy
while maintaining the classifiers” weights untouched. To accomplish this
goal, we employ the gradient of the adversarial loss from the previous stage,
inverted, using a gradient reversal layer (GRL) [206], and subsequently propa-
gate it backwards via the encoder. The objective of this reversal procedure is
to minimize those features present in the discrepancy zone using the target

dataset:

min — £,5,(Dy), (6.10)
Fo

In contrast to the method employed by Saito et al. [204], we do not perform
multiple iterations over the final objective. Instead, we leverage a gradient

reversal layer, thereby reducing training time.
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FIGURE 6.2: An overview of the adversarial training process.
First, we increase the number of disagreement instances by ad-
justing the decision boundaries of the classifiers. Then, minimize
the classifiers” disagreements via the feature encoder to find the
distinguishing features between target-domain classes.

6.3 Experiments

6.3.1 Implementation Details

All models were developed using PyTorch. In accordance with the strong
baseline practices outlined by Luo et al. [201], we adopted several training
refinements that have proven effective for person Re-ID. In particular, their
"bag of tricks" establishes a competitive baseline by systematically combining
simple but powerful training strategies. While our architecture is based on
a Vision Transformer rather than a CNN, many of these refinements remain
relevant and were incorporated into our training pipeline.

Input video frames are resized to 256 x 128 and augmented by random
horizontal flipping and random erasing with a probability of 0.5. Following
[203], random erasing helps the model handle occlusion by masking random
regions in training images, thereby improving robustness to background
clutter and partial observations. Normalization is applied by dividing pixel
values by (0.5,0.5,0.5) and subtracting (0.5,0.5,0.5) to standardize the RGB
channels[16].

Batch construction follows a P x K sampling strategy. During the initial

stage of training, sampling is performed only on the labelled source domain.
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Specifically, each mini-batch contains 32 tracklets drawn from 8 source iden-
tities, with two tracklets per identity. In subsequent stages, each mini-batch
remains of size 32 but is divided evenly between source- and target-domain
tracklets. At this stage, the sampling is no longer identity-driven across both
domains; instead, the emphasis is on maintaining a balanced representation
of the source and target domains, since the identities in the two datasets are
not shared and classifier training is not performed across domains. Following
Luo et al. [201], this batch construction remains beneficial for triplet loss
optimization on the labelled source samples, while the balanced inclusion of
target samples supports domain adaptation within each mini-batch.

Optimization is performed with stochastic gradient descent (SGD), using
a learning rate of 0.008, momentum of 0.9, weight decay of 1074, and a
cosine decay schedule. While Luo et al. adopt Adam with a warm-up
strategy, we found that SGD with cosine decay is more stable for ViT-based
encoders. Nonetheless, the principle of gradually adapting the learning rate,
as emphasized in [201], is preserved in our model.

The encoder backbone is a Vision Transformer [16] pretrained on ImageNet-
21K. Training proceeds for 120 epochs. Each tracklet is composed of 6 frames,
selected using a restricted random sampling (RRS) strategy to maintain
temporal diversity. As positional embeddings remain constant across frames,
we set 6 = 0.25 in the transformer input to emphasize the role of camera
embeddings and to better capture cross-camera viewpoint variations.

To increase robustness, we further split each tracklet into C equal clips,
following the augmentation principle in [123]. Unless otherwise specified,
C = 2is used. This strategy serves as data augmentation without applying
transformations, effectively increasing the number of samples while providing
reliable positive pairs for triplet loss.

We also integrate the insights from Luo et al. [201] regarding the balance

between identification loss and triplet loss. To emphasize the discriminative
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TABLE 6.1: Cross-dataset transfer performance using mINP,

mAP, and Rank-1 CMC. White cells represent transductive

transfer results (no target labels), while highlighted cells indicate

supervised upper bounds obtained by training directly on the

target dataset. The gap between these values reflects the impact
of domain shift.

Target mINP/ mAP / Rank-1 CMC
WY EVE LS-Vid Duke

role of triplet loss in early training, we assign it a weighting factor v =
0.66. For classification, we use two classifiers, each consisting of four fully
connected (FC) layers with three intermediate batch normalization layers.
Random initialization of classifier weights encourages early divergence, which
is necessary for effective discrepancy learning. Finally, for the discrepancy
loss, we use the L1 distance, which our ablation studies (see Section 6.3.2)

confirm to be more stable and effective than L2 or KL divergence.

6.3.2 Results and Comparison

The mINP, mAP, and Rank-1 CMC scores achieved by our method on three
major video Re-ID datasets are shown in Table 6.1. The supervised upper
bounds, obtained by training directly on the target dataset, are highlighted
in the cells. For the MARS and Duke datasets, our methodology closely
approaches the theoretical maximum outcomes; however, this is not the case
for LS-Vid. This highlights the importance of evaluating our method on
LS-Vid, because even supervised training fails to achieve the 70% accuracy
threshold. This makes LS-Vid an excellent stress test for domain adaptation
approaches, as it better reflects the challenges of real-world multi-camera

deployments.
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TABLE 6.2: Evaluation results on AG-VPRelD where Source
represents the source dataset and the target will be either the
ground split of the dataset or the aerial split.

AG-Ground AG-Aerial
Rank1 MAP Rank1

Source

Mars
LS-ViD
AG-Aerial
AG-Ground

The results in Table 6.1 show that our method transfers well between
MARS and Duke, achieving performance close to supervised upper bounds.
By contrast, performance drops considerably when transferring to LS-Vid,
confirming its status as a more challenging dataset with greater camera and
environmental diversity. This drop can be attributed to the increased scale and
diversity of LS-Vid, which introduces greater variation in camera viewpoints,
motion patterns, and environmental conditions. Unlike MARS and Duke,
LS-Vid contains more complex and less constrained scenarios, making domain
alignment more difficult. Furthermore, the absence of target labels prevents
the model from fully adapting to these variations, which limits performance.

This observation suggests that while DTL is effective under moderate do-
main shifts, more challenging datasets such as LS-Vid may require additional
mechanisms, such as stronger temporal modelling or partial supervision, to
further reduce the performance gap.

The difference between the transfer results (white cells) and the supervised
upper bounds (highlighted cells) reflects the inherent difficulty of cross-
domain generalization in video-based Re-ID. In the supervised setting, the
model has access to identity labels from the target domain, allowing it to learn
domain-specific discriminative features. In contrast, the transductive setting
relies solely on labelled source data and unlabelled target data, making it

significantly more challenging.
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Therefore, the observed performance gap does not indicate a failure of the
proposed domain adaptation method but rather highlights the extent of the
domain shift. The role of DTL is to reduce this gap as much as possible, and
the results demonstrate that it consistently improves transfer performance
compared to prior methods, even though a gap to fully supervised training
remains.

Table 6.2 extends our evaluation to the AG-VPRelD cross-platform setting,
where the domain shift is induced by viewpoint and platform changes (ground
vs. aerial) rather than conventional camera-to-camera variation. The results
show that our model maintains stable Rank-1 performance when transferring
between these two splits, with only a modest drop in mAP, indicating that the
learned representation remains largely discriminative under severe viewpoint
changes. This experiment complements Table 6.1 by demonstrating that the
proposed discrepancy-based adaptation is not limited to standard benchmark
transfers but also generalizes to heterogeneous capture conditions that better
reflect practical deployments.

Our DTL is also evaluated against state-of-the-art algorithms, including
those utilizing one-shot annotation, clustering, association, and adversarial
techniques, on two prominent video Re-ID datasets: Duke-VideoRelD and
MARS. The comparative analysis is presented in Table 6.3. Our results show
improvements in Rank-1 accuracy over existing methods, exceeding prior
approaches by more than 3% on Duke and by more than 1% on MARS.
While some clustering-based methods yield competitive mAP, our approach
consistently delivers higher Rank-1 accuracy. This indicates that discrepancy-
driven adaptation improves reliability on the most critical evaluation metric
in practice.

In Table 6.3, DTL achieves the highest Rank-1 accuracy among the com-
pared methods on both MARS and Duke. However, DCCAL achieves higher

mAP on both datasets, indicating stronger overall retrieval consistency across
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TABLE 6.3: Comparison with state-of-the-art unsupervised and
semi-supervised domain adaptation methods on MARS and

Duke.
MARS  Duke
Model year e
Baseline - | Supervised | 1545 | 36.16 | 49.5 48
EUG [72] 2018 | One shot 424 | 62.6 63.2 | 72.7

SRC [103] 2022 | Clustering | 40.5 62.7 76.5 83.0
TASTC [137] | 2023 | association | 47.2 65.6 68.2 76.8
MPC [108] 2023 | Clustering | 71.4 81.6 87.3 89.3

CAWCL [123] | 2023 | Adw. 44.8 62.2 - -
DCCAL [124] | 2024 | Adwv. 74.5 84.0 91.4 93.0
DTL (Ours) 2025 | Adw. 69.9 85.1 83.1 96.8

ranks. This suggests that while DCCAL is more effective at optimizing global
ranking quality, DTL is particularly strong at correctly retrieving the top
match, which is often the most critical requirement in practical Re-ID systems.

This trade-off highlights a key difference in behaviour: discrepancy-driven
adaptation in DTL prioritizes confident top-rank predictions, whereas
clustering-based approaches such as DCCAL may better capture broader
ranking distributions.  Therefore, the two methods can be seen as
complementary, with DTL excelling in Rank-1 reliability and DCCAL
providing stronger mAP performance.

To further analyze the retrieval behaviour of the proposed DTL model,
Figure 6.3 presents qualitative results and compares them with earlier models
from Chapters 4 and 5.

In case (d), where the query originates from Camera 6, the model suc-
cessfully retrieves correct matches from other cameras within the top ranks.
This behaviour contrasts with the supervised model in Chapter 5 (Figure 5.5),
where tracklets from Camera 6 were rarely observed in higher ranks, in-

dicating that the proposed transductive framework improves cross-camera
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Query Rank-2

(a)

(b)

(c)

(d)

FIGURE 6.3: Qualitative retrieval results of the proposed DTL
model on MARS. Green boxes indicate correct matches, and red
boxes indicate incorrect matches. Compared to earlier models
(Figs. 4.3 and 5.5), the DTL framework demonstrates improved
cross-camera retrieval (e.g., Camera 6 in (d)), while still exhibit-
ing confusion in fine-grained appearance discrimination in some
cases (a—c).
generalization.

However, in cases (a)—(c), limitations in fine-grained discrimination are
evident. For instance, in case (a), both a correct match (Rank-3) and an
incorrect match (Rank-4) are retrieved from Camera 6, suggesting ambiguity
in appearance similarity. A similar pattern is observed in case (b), where
Rank-3 corresponds to a false match from the same camera, and in case (c),
where a false match appears at Rank-5.

These observations indicate that, although the DTL model improves do-

main and camera invariance, it does not consistently preserve fine-grained
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identity discrimination. In contrast, the supervised model in Chapter 5 bene-
tits from part-based representations, which better capture local discriminative
features and reduce such ambiguities. This highlights a trade-off between
cross-domain robustness and fine-grained feature discrimination across the

three proposed models.

6.3.3 Ablation Study

Table 6.4 compares different choices for the discrepancy loss. L1-norm consis-
tently yields the best results, outperforming L2 and KL divergence on both
datasets. This suggests that L1 provides a stronger gradient for minimax
optimization and prevents vanishing gradients that can arise with L2. This
behaviour is particularly beneficial in Re-ID, where emphasizing hard-to-
separate identity boundaries is more important than averaging discrepancies
across classes. These results confirm that the L1 distance provides a more
stable and informative discrepancy, resulting in better alignment between the
source and target domains. Consequently, this design choice is central to the
robustness of the proposed DTL method.

It is important to note that the results reported in Table 6.4 are not directly
comparable to those in Tables 6.1 and 6.3. While Tables 6.1 and 6.3 report
cross-dataset transfer performance under fixed experimental settings, Table 6.4
presents an ablation study evaluating individual components under controlled
configurations. In particular, the discrepancy-loss variants are assessed in
isolation, without necessarily enforcing the exact same training schedule, data
splits, or hyperparameter tuning used in the full model evaluation.

As a result, the best-performing configuration in Table 6.4 may yield
slightly different absolute values than those in Tables 6.1 and 6.3. Therefore,
the purpose of Table 6.4 is to analyze relative trends between design choices

rather than to provide directly comparable performance benchmarks.
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TABLE 6.4: Ablation study comparing different discrepancy loss
functions (L1, L2, KL) on MARS and LS-Vid.

Target LS-Vid
divergence Rankl mAP Rankl

L1-norm

L2-norm
KL

0.9 0.08 0.6 007 8.3 53

007 85.1

008 84.9

84.7
——Accuracy of Classifiera  0-05

845
0.75 Accurac ssifiers 0.04
84.3

84.1

83.9

83.7

83.5 50.5

Epochs — LS-Vid -> Mars Epochs — Mars -> LS-Vid Number of FC layers in the classifiers

FIGURE 6.4: The relationship between discrepancy loss (green)

and accuracy (blue and orange) during training for both Mars

and LS-Vid datasets. As the discrepancy loss decreases, accuracy

increases for both classifiers. The rightmost chart illustrates the

impact of the number of fully connected layers on the accuracy
for both classifiers.
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TABLE 6.5: Performance of the features generator.

Tracklet descriptor 69.9 85.1| 374 52.7

AvrPooling of FD 57.7 82.3 | 24.8 36.7
MaxPooling of FD 57.1 81.5 | 227 28.5

classifier token 69.7 83 | 28.3 45.7
w/o camera emb. 42.4 69.1 | 11.2 22.7
| Numberofclipspertracklet
C=1 69.8 83.3 | 289 46.1
C=2 69.9 85.1| 374 52.7
C=3 58 84.8 | 36.7 52
C=4 57.6 84.5 | 365 51.8

Figure 6.4 illustrates the training dynamics. As discrepancy decreases, ac-
curacy consistently improves, demonstrating the effectiveness of the minimax
procedure. The right panel shows that deeper classifiers provide diminishing
returns, indicating that moderate classifier depth is sufficient and avoids
unnecessary model complexity.

Table 6.5 further analyzes the feature generator. Using SAN descriptors
outperforms simple pooling, and camera embeddings prove critical. Splitting
tracklets into two clips yields the best results, while larger splits fragment
sequences and degrade performance. These observations confirm that both
temporal modelling (via SAN) and explicit handling of camera variation
(via embeddings) are indispensable for achieving strong performance across
datasets.

The first section of Table 6.5 shows the impact of our encoder compo-

nents on the efficacy of our adversarial video-based person Re-ID task. Our
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analysis begins by investigating the SAN tracklet descriptors, revealing a
significant performance decline when using only max pooling or average
pooling on frame descriptors for tracklet descriptor generation, rather than
SAN. Likewise, using the classifier token instead of frame descriptors, as in
ViT implementations, results in a slight performance drop. Finally, the absence
of camera embeddings results in the poorest performance of our investigation.
Including camera embeddings is crucial, as it enables the encoder to learn and
account for inter-camera variations in illumination and viewpoints, thereby
significantly improving the model’s performance.

Since the video-based person Re-ID has access to each frame of the whole
tracklet, it is possible to split it into clips. We observe in the second part of
Table 6.5 that dividing each tracklet into clips improves overall performance,
with splitting tracklets into two clips (C = 2) yielding the best trade-off
between data augmentation and preserving temporal consistency since larger
splits (C = 3 or C = 4) fragment the tracklet too aggressively, resulting
in noisy pairs and reduced performance. This behaviour can be explained
by two main factors. First, the number of samples in the dataset increases,
effectively serving as data augmentation, but without transformation. Second,
it generates strong, reliable positive pairs, providing a supervised indicator
even with unlabelled data.

Overall, these experiments show that the key components of the proposed
DTL framework collectively improve transferability under domain shift. The
combination of discrepancy-based training, SAN descriptors, and camera
embeddings results in a model that remains both discriminative and robust

across domains.
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6.4 Conclusion

This chapter presented the proposed Deep Transductive Learning (DTL)
framework for domain-adaptive video-based person Re-ID. By combining a
Vision Transformer encoder, camera embeddings, and dual-classifier adversar-
ial discrepancy learning, the framework is designed to improve cross-domain
generalization when labelled target data are unavailable.

The experimental results demonstrate that DTL transfers effectively across
challenging video Re-ID benchmarks. On Duke and MARS, the method
approaches the performance of supervised methods, while on LS-VID, it
establishes a strong baseline under domain shift and highlights the value
of testing adaptation methods on larger and more diverse datasets. The
ablation studies further confirm that discrepancy-based training, SAN-based
tracklet descriptors, and camera embeddings each contribute to improving

cross-domain performance under the evaluated settings.

6.4.1 Broader Implications

Although this chapter focuses on video-based person Re-ID, the main design
ideas of DTL have broader relevance to video representation learning under
distribution shift. In particular, camera embeddings, clip-splitting as a form
of temporal augmentation, and discrepancy-driven adaptation may also be
useful in related problems such as action recognition, gait analysis, and cross-
camera video retrieval. In this sense, the contribution of DTL extends beyond
Re-ID to more general settings where robust feature learning is required across

heterogeneous domains.

Limitations. Despite these improvements, the proposed DTL framework
has several limitations. The adversarial training process introduces addi-

tional optimization complexity and may be sensitive to hyperparameter
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selection. Furthermore, the approach depends on the quality and diversity
of the source dataset; a significant mismatch between source and target
domains may still degrade performance. Finally, the dual-classifier design
increases computational overhead, potentially limiting real-time deployment

in resource-constrained environments.

6.4.2 Future Directions

Several promising research directions remain:

* Multi-source domain adaptation: Extending DTL to leverage multiple
labelled source datasets may further improve generalization to more

diverse target environments.

* Lightweight architectures: Investigating hybrid CNN-Transformer
models or efficient ViT variants may enable real-time deployment in

resource-constrained surveillance systems.

* Semi-supervised extensions: Incorporating small amounts of labelled
target data could help bridge the gap between unsupervised and fully

supervised adaptation.

Overall, this chapter shows that adversarial discrepancy minimization can
be used to learn video representations that are both discriminative and more
robust under domain shift. Together with the previous chapters, these results
support the broader thesis objective of developing a video-based person
Re-ID models that remain practical, scalable, and adaptable in real-world

surveillance settings.
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Chapter 7

Conclusion and Future Work

To provide a consolidated view of the trade-offs studied throughout the
thesis, Table 7.1 summarizes the retrieval performance of the three thesis
configurations across MARS, LS-ViD, and the AG-VPRelD ground/aerial
splits, while Table 7.2 reports their computational characteristics in terms of
model size, throughput, and FLOPs. Taken together, these two tables highlight
that the three configurations are not competing for the same deployment
objective but rather occupy different operating points along the accuracy-
efficiency spectrum.

The supervised configuration delivers the strongest overall retrieval ac-
curacy on the large-scale benchmarks, achieving 91.6 mAP / 96.3 Rank-1 on
MARS and 85.3 mAP / 93.6 Rank-1 on LS-ViD, while also obtaining the best
AG-Aerial performance with 58.6 mAP / 76.1 Rank-1. This confirms that,
when labelled data and sufficient computational resources are available, fully

supervised spatiotemporal learning remains the most effective approach for

TABLE 7.1: Summary comparison of the three thesis configura-
tions across MARS, LS-ViD, and AG-VPRelD (ground/aerial)
using mAP and Rank-1 (R1).

MARS LS-ViD \ AG-Ground \ AG-Aerial

\Y [Ys )|

mAP\ R1 \mAP R1 \mAP R1 \mAP\ R1

one-Shot

DTL

Supervised
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TABLE 7.2: Computational comparison of the three thesis con-

figurations in terms of the number of parameters, throughput in

frames per second (FPS) estimate, and floating-point operations
(FLOPs).

one-Shot
IDANE

Supervised

maximizing retrieval performance. However, Table 7.2 shows that this gain
comes at the highest computational cost, with 27.7M parameters, an estimated
throughput of 117 FPS, and 4.5G FLOPs.

The discrepancy-driven transductive configuration provides the best bal-
ance when target-domain labels are unavailable. As shown in Table 7.1, it
substantially improves over the one-shot setting on all datasets and achieves
the best performance on AG-Ground with 66.1 mAP / 72.6 Rank-1, high-
lighting the value of adaptation under cross-platform and cross-view domain
shift. At the same time, its computational profile remains moderate relative
to the supervised model, requiring 23.5M parameters, 204 FPS, and 1.8G
FLOPs, as reported in Table 7.2. This makes it a practical compromise between
robustness and efficiency when deployment must generalize beyond the
training domain.

By contrast, the one-shot configuration is the most computationally effi-
cient model in the thesis. Although its retrieval performance is lower than
that of the other two configurations, it still achieves competitive results
in a lightweight setting, including 55.5 mAP/72.2 Rank-1 on MARS and
63.4 mAP/72.8 Rank-1 on LS-ViD. More importantly, it requires only 4.7M
parameters, runs at an estimated 475 FPS, and uses just 0.31G FLOPs. These
characteristics make it particularly attractive for early-stage deployment, rapid
prototyping, and resource-constrained camera networks where minimizing

computational overhead is more important than extracting the last increment
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of accuracy.

Beyond the quantitative results, a qualitative comparison across Chap-
ters 4-6 reveals important differences in the behaviour of the three configura-
tions. The one-shot model, while highly efficient, relies on limited supervision
and therefore exhibits weaker identity discrimination, particularly under
viewpoint variation and cross-camera conditions. It often retrieves correct
identities within the top ranks, but its representations remain sensitive to
appearance ambiguity and domain shift.

The supervised model addresses these limitations by learning strong spa-
tiotemporal and part-aware representations, resulting in the most consistent
fine-grained discrimination across challenging scenarios such as occlusion,
pose variation, and background clutter. This is reflected not only in its superior
benchmark performance but also in its ability to reduce visually similar false
matches through more precise localized feature modelling.

In contrast, the discrepancy-driven transductive model emphasizes do-
main invariance rather than purely discriminative power. As observed in
Chapter 6, it improves cross-camera and cross-domain retrieval, particularly
in settings where the target distribution differs significantly from the source.
However, this robustness comes with a trade-off: the model may exhibit re-
duced sensitivity to fine-grained identity cues, leading to occasional confusion
between visually similar individuals.

Taken together, these observations highlight a fundamental trade-off across
the three regimes: efficiency, discrimination, and generalization. The one-shot
model prioritizes computational efficiency, the supervised model maximizes
discriminative accuracy, and the transductive model balances adaptation
and robustness under domain shift. This qualitative analysis reinforces the
quantitative findings and supports the central thesis argument that video-
based Re-ID should be treated as a set of deployment-specific solutions rather

than a single universal model.
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Overall, the comparison confirms the central thesis argument that no
single Re-ID configuration is universally optimal across all surveillance sce-
narios. Instead, the most suitable solution depends on the availability of
annotations, the degree of domain shift, and the computational budget of
the target platform. The one-shot model is the most suitable option for
lightweight, cost-sensitive deployments; the discrepancy-driven model is
the most appropriate when adaptation to an unlabelled target domain is
required; and the supervised model is the preferred choice when the primary

objective is maximum retrieval accuracy.

7.1 Limitations and Future Work

Despite the advances presented in this thesis, several limitations remain and
motivate directions for future work.

First, most of the experiments in this thesis follow the common Re-ID
assumption that identity is preserved through appearance consistency. In real
deployments, however, a person’s appearance can change over time due to
changes in clothing, carried objects, seasonal variation, or partial occlusion
patterns. This reduces the validity of models trained under the appearance
constancy hypothesis and limits long-term identity persistence. Future work
should relax this assumption by incorporating long-term appearance varia-
tion during training, for example, through stronger augmentation policies,
synthetic appearance changes, and learning objectives that emphasize identity
cues that are less sensitive to clothing.

Second, while benchmark datasets are essential for reproducibility, they
do not fully capture the noise characteristics of real surveillance pipelines.
Practical camera networks introduce imperfect detections, tracker fragmen-
tation, compression artifacts, and substantial variation in resolution and

illumination. These factors can degrade tracklet quality and increase the
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difficulty of reassociation. Future work should evaluate the proposed methods
under more realistic end-to-end conditions and consider training strategies
that explicitly model noisy tracklets, including uncertainty-aware pseudo-
labelling, memory-based stabilization, and consistency constraints across time
and cameras.

Third, computational cost remains a practical constraint for video-based
Re-ID. Training and inference on tracklets are more demanding than image-
based settings, and the higher-capacity supervised and adaptation-based
configurations can be expensive for small installations. Although this thesis
includes a resource-aware configuration and explores lightweight backbones,
turther efficiency improvements are needed for real-time deployment at scale.
Future directions include model compression and distillation from high-
capacity models into compact deployment models, more efficient temporal
aggregation, and adaptive frame sampling to reduce redundant computation.

Finally, domain shift is only partially addressed by existing adaptation
strategies. Even when viewpoint and illumination shifts are mitigated, ad-
ditional changes occur in real deployments, such as camera replacements,
seasonal drift, and environmental modifications. Future work should explore
continual, safe online adaptation mechanisms that update the model over
time without catastrophic forgetting or drifting due to noisy pseudo-labels.

Overall, these limitations highlight that robust Re-ID requires both strong
representation learning and system-level reliability. Extending evaluation
to larger, more diverse camera networks, incorporating stronger robustness
mechanisms, and improving efficiency will increase the practicality of Re-ID

in real-world surveillance applications.
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