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ARTICLE INFO ABSTRACT

Communicated by J. Lei A vital component of Intelligent Transportation Systems (ITS) is vehicle re-identification, which allows vehicles
to be identified across surveillance devices. Re-identification of vehicles is usually done using information
collected from standalone surveillance devices such as fixed surveillance cameras (CCTVs) or aerial devices
(UAVs). Re-identifying vehicles across standalone surveillance systems is challenging when there is a severe
illumination change, a change of viewpoint, or an occlusion. Cross platform surveillance (CCTV+UAV) based
vehicle re-identification is yet to be explored and can mitigate some of the challenges faced during re-
identifying vehicles with standalone surveillance systems. This paper proposes a novel cross platform vehicle
identification dataset called MCU-VReID using 42 CCTVs and a UAV. A novel re-identification method called
Multi-Scale Feature Fusion Transformer (MSFFT) is proposed to re-identify vehicles observed across the
cross platform surveillance systems. The network consists of inception layers with transformer networks that
enable it to learn the vehicle’s features at a variety of scales. The vehicles observed by two contrasting
surveillance systems appear to be transformed representations of one another. Hence a two-stage training
approach is facilitated for re-identifying vehicles observed across cross platform surveillance systems. The
two-stage training approach aims to learn vehicle semantic transformations in the first stage using self-
supervised approaches. The knowledge gained at the first stage relating to vehicle semantic transformations is
transferred at the second stage of training to perform re-identification. Extensive experiments using the method
demonstrate that MSFFT significantly improves over state-of-the-art methods to perform cross platform vehicle
re-identification.
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1. Introduction Vehicle re-identification aims to obtain a possible match of a vehicle

observed in one camera with images of the exact vehicle appearing

In recent years video surveillance has emerged as an important
aspect of providing robust security in traffic management. As a “smart-
cities” initiative, surveillance devices are essential components of In-
telligent Transportation Systems (ITS) that provide rich information
required for robust traffic monitoring. Surveillance systems, mainly
CCTVs are widely used for traffic monitoring. Surveillance footage
contains a wealth of rich data that is beneficial for performing vision-
related tasks such as the detection/counting of vehicles/pedestrians [1-
3], re-identification and tracking vehicles/pedestrians [4-7], anomaly
detection [8-10], etc. However, as an application of ITS, vehicle re-
identification has attracted various researchers in computer vision.

* Corresponding author.

at different non-overlapping cameras [11]. In comparison with per-
son re-identification, vehicle re-identification poses several challenges,
namely: (a) there are limited appearance cues apart from vehicle color
to differentiate vehicles of the same type/model, (b) Identical vehicles
appearing at multiple cameras are subject to different viewpoints which
lead to falsely re-identifying the vehicle of interest.

Usually, cameras are geographically distributed over an area under
surveillance to perform vehicle re-identification. A vehicle observed
at a specific CCTV is queried across remaining CCTVs to determine
its existence, thereby drawing the trajectory of vehicle movement in
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Fig. 1. The dataset is acquired using 42 surveillance cameras and a UAV from an
educational institution (188 acres). By utilizing a network of cameras and a UAV,
vehicles are observed from multiple viewpoints and scales. cross platform vehicle
re-identification aims at re-identifying a vehicle that is queried (vehicle image with
yellow border) across a network of CCTVs and UAV. With significant viewpoint and
appearance changes, cross platform vehicle re-identification retrieves a similar set of
vehicles (vehicle image with green border) and a dissimilar set of vehicles (vehicle
image with red border).

the event of vehicle tracking. Re-identification models employ appear-
ance features, such as color, pose, and additional vehicle information,
to identify identical vehicles captured by other surveillance cameras.
However, the re-identification of vehicles done using CCTVs poses
additional challenges since surveillance cameras may be vandalized
during a public event or even be deactivated for maintenance purposes.
Setting up CCTVs to monitor vehicle movements in the event that spans
a short duration is expensive due to system expenses, extensive cabling,
and labor charges. Under these circumstances, to minimize the cost, a
handful of CCTV cameras are installed in selected traffic areas, creating
a “blind spot”. With this, there is a possibility that vehicles might be
observed from the same viewpoint leading to less information about a
vehicle for re-identification across other surveillance cameras.

Due to the rich characteristics of unmanned aerial vehicles (UAVs),
their application for traffic monitoring has gained popularity among
various countries [12]. UAVs are installed with cameras that allow
them to monitor traffic movements with broader coverage and higher
resolutions than static CCTVs. UAVs can be used to re-identify vehicles,
presenting a wider range of perspectives. Because of their mobility,
they can collect rich contextual information about vehicles. In addi-
tion, UAVs as a surveillance system exhibit particular challenges, such
as restricted flights during night hours or in unpredictable weather
conditions, limited battery backup, and high maintenance costs. Ad-
ditionally, the change in flight altitude allows the vehicles to be ob-
served and captured at a different scale which may lead to inaccurate
re-identification of vehicles.

Recently re-identification of entities is performed using different
image forms namely RGB, IR, NIR (Near Infrared) and thermal Infrared
(TIR) acquired by different image acquisition surveillance cameras.
These works [13-15] that uses these complementary image forms
of an entity term the re-identification problem as “multi-modal” re-
identification. The intuition behind these approaches is to addresses
the limitation when handling single modality RGB entity images that
are sensitive to illumination and environmental factors. The present
study mainly focuses on how efficiently the re-identification of vehicles
can be performed using the data acquired by two different platforms,
viz. CCTVs and UAV. The vehicle appearing in each of the surveil-
lance systems appears to have a significantly different viewpoint and
appearance in these contrasting views. In this work, a novel cross
platform vehicle re-identification framework is outlined to re-identify
vehicles acquired by CCTVs and UAV. To the extent of our knowl-
edge, vehicle re-identification using two different surveillance systems
together is unexplored, and there is no publicly available vehicle re-
identification dataset. A novel dataset called the Manipal CCTV-UAV

Neurocomputing 582 (2024) 127514

Vehicle Re-Identification Dataset (MCU-VReID) is been developed to
facilitate cross platform vehicle re-identification. It is obtained from
an educational institution (Fig. 1) and contains 51 identical vehicles
observed by a network of surveillance cameras and a UAV. For 51
identical vehicles, a total of 5630 manual annotations of vehicles are
performed.

A novel re-identification method named Multi-Scale Feature Fu-
sion Transformer (MSFFT) is proposed to re-identify vehicles across
a network of CCTVs and UAV. MSFFT consists of several levels of
inception, with transformer blocks that are used to extract vehicle
features at different scales. Each level of MSFFT has inception layers
of various filter sizes that extract features that are then transmitted
to the transformer network at the next level. The transformer network
further enhances the generalization of vehicles by computing attention
scores for different scales at each level of MSFFT. Through transformer
networks, more discriminative and scale-invariant features of vehicles
can be learned for better re-identification. The vehicle features learned
at different scales are fused to perform the re-identification of vehicles
seen across CCTVs and UAV. A vehicle observed by two contrasting
surveillance systems appears to be the transformed/augmented form of
the other. Using the traditional supervised method of learning these
transformations will not guarantee better re-identification. Thus, the
proposed method employs a two-stage training strategy (Fig. 2) where
the algorithm learns vehicle transformations in a self-supervised ap-
proach and utilizes these representations to perform re-identification
as a downstream task. Most self-supervised methods use heavy data
augmentation during the training phase so that the model is invariant
to any transformation. This study avoids expensive data augmentation
by considering vehicle images observed by either surveillance platform
as the augmented version of the other (vice versa). The learned rep-
resentation is then used to perform re-identification as a downstream
task. The main contribution of the study is summarized as follows:

» A novel dataset to perform cross platform vehicle re-identification
by acquiring CCTVs and UAV aerial videos at a gated university
campus.

A vehicle re-identification framework, namely a Multi-Scale Fea-
ture Fusion Transformer (MSFFT) is developed to re-identify vehi-
cles across cross platform surveillance systems. MSFFT for cross
platform vehicle re-identification learns the multi-scale features
of vehicles at different levels by integrating the feature map
produced by inception layers with transformer encoder layers.
The integrated feature extractor network with inception layers
and transformer encoders enhances vehicle re-identification by
capturing multi-scale features and calculating semantic attention
to vehicle parts, enabling a more enhanced and adaptable un-
derstanding of distinctive characteristics of vehicles required for
cross platform vehicle re-identification.

A two-stage training strategy to re-identify vehicles observed in
cross platform surveillance systems. At first stage, the network
is exposed to learn the transformation of vehicles observed by
CCTVs and UAV using self-supervised approaches. The images
of vehicles observed by UAV/CCTVs are treated as augmented
views of other vehicles, thus avoiding the costly data augmen-
tation required for self-supervised approaches. Using supervised
learning, the knowledge gained at the first stage of training is then
transferred to perform re-identification at the second stage.

2. Related work

This section presents recent contributions to vehicle re-identification
performed with both CCTV and UAV surveillance systems. A detailed
overview of the publicly available vehicle re-identification dataset is
provided in Section 2.1. Further, Section 2.2 provides a summary of
various contributions made to perform re-identification using either
CCTVs or UAVs. As the present study uses a self-supervised approach to
learn the transformation of vehicles, Section 2.3 summarizes the recent
self-supervised techniques applied in vehicle re-identification.
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Fig. 2. A two-stage training strategy for re-identifying vehicles observed by CCTVs and UAV. At the first stage of training, the MSFFT is exposed to learning the vehicle
transformations using self-supervised approaches. At the second stage, the knowledge gained by learning various transformations at the first stage is transferred to train the MSFFT

in a supervised approach for re-identification.
2.1. Datasets

2.1.1. CCTV vehicle re-identification datasets

CompcCars

Yang et al. [16] contributed a large-scale vehicle dataset named
CompCars. This comprehensive vehicle dataset comprises 2,14,345
images of 1716 car models. The vehicle images are collected from
the web and surveillance cameras. For vehicles observed at different
viewpoints, the dataset is labeled with five viewpoints that include
front, rear, front-side, and rear side. The vehicle images are annotated
with a bounding box and additional information, such as the model
and color of the car. The dataset is applicable for car classification and
verification and attributes prediction.

VehicleID

The vehicleID [17,18] dataset consists of 2,21,763 images in total,
with 26,267 vehicles observed across multiple nonoverlapping surveil-
lance cameras. Vehicle images are annotated with the help of the
vehicle’s license plate number. In the training set, the dataset comprises
1,00,182 images of 13,164 vehicles, and a test set consists of 20,038
images of 2400 vehicles. These vehicle images are either captured from
the rear or from the front.

VeRi-776

Liu et al. [19] developed VeRi-776 which consists of 51,035 images
of 776 vehicles observed across 20 surveillance cameras. The training
set, consists of a total of 576 vehicles with 37,778 vehicle images. For
the test set, the dataset comprises 200 vehicles with 11,597 vehicle
images. 1678 vehicle images from the test set are used as query images.
The vehicles are labeled by providing a bounding box over the entire
vehicle, along with type, color, and vehicle correlation.

VERI-Wild

Lou et al. [20] contributed to a large-scale vehicle re-identification
dataset acquired by 174 surveillance cameras over a month in uncon-
strained scenarios. The dataset consists of 4,16,314 vehicle images of
40,671 vehicle identities. The bounding box is generated using YOLO-
v2. The dataset is split into training and testing, which comprises
30,671 vehicles with 2,77,797 images for training and three subsets
for testing.

2.1.2. UAV vehicle re-identification datasets
Vehicle re-identification in aerial videos is under explored, and
there is a limited standard dataset for vehicle re-identification from

videos acquired from UAVs. This section briefly discusses UAV videos
based on vehicle re-identification datasets.

VRAI

In recent years, a large-scale dataset has been developed specifically
to perform vehicle re-identification using the data acquired by aerial
devices [21]. The dataset consists of 137K images of 13K vehicle
instances observed by two UAV surveillance devices. The UAVs’ flight
altitude ranges from 15 m to 80 m. Manual annotation has been pro-
vided, which includes vehicle type, color, and different vehicle parts.
A total of 350 pairs of video clips are obtained with a total duration of
34 h.

UAV-VelD

A vehicle re-identification dataset acquired by UAV surveillance
devices has been contributed in [12]. The dataset was acquired using
two UAVs comprising 4601 vehicles, 41,967 annotated vehicle images,
and 16,850 query images of vehicles. Each of the vehicle images is
taken from different viewpoints. In addition, the dataset contains a
distractor set composed of 300K falsely detected bounding boxes and
vehicles that do not belong to 4601 annotated vehicle identities.

The Table 1 summarizes the datasets discussed above to perform
vehicle re-identification are acquired by either standalone surveillance
devices, i.e., CCTV or UAVs. These datasets contain vehicles subjected
to illumination changes, variance in scale, viewpoint changes, etc. In
addition, some of these datasets provide supplementary information
such as the type/model of the vehicle, its color, or its pose, which
may aid in generating a re-identification framework for better re-
identification. In exchange for this, additional labor is required to
provide this information through data annotations and labeling.

With cross platform surveillance cameras, vehicles are captured
at dynamic scales and resolutions from multiple viewpoints, enabling
them to gather both aerial (UAV) and ground-level views (CCTVs).
Consequently, more information about vehicles is collected, which
allows them to be re-identified more precisely. Moreover, cross plat-
form surveillance systems can also be used to enhance re-identification
when vehicles observed by either surveillance platform are exposed to
viewpoint/illumination changes and partial occlusion. Since there is
limited work contributing to perform vehicle re-identification through
cross platform surveillance systems, a vehicle re-identification dataset
is developed to facilitate the re-identification of vehicles observed
across surveillance cameras and a UAV. In addition to the presence of
challenges that occur with datasets specific to standalone surveillance
systems, MCU-VReID introduces additional challenges: a significant
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Table 1

Comparison of the existing dataset with the proposed dataset for vehicle re-identification.

Neurocomputing 582 (2024) 127514

Dataset Year Mode of data gathering # cameras (CCTVs/UAV) # Vehicle identities Number of images Supplementary information
CompCars 2015 Web + Surveillance camera - 1716 2,14,34 Yes
VehicleID 2016 CCTVs Multiple cameras 26,267 2,21,763 Yes
VeRi-776 2016 CCTVs 20 CCTVs 776 51,035 Yes
VERI-Wild 2019 CCTVs 174 CCTVs 40,671 4,16,314 Yes
VRAI 2019 UAVs 2 UAVs 13,000 ~137K Yes
UAV-VelD 2021 UAVs 2 UAVs 4601 41,917 Yes
MCU-VReID Proposed CCTVs and UAV 42 CCTVs + UAV 51 5630 No

transformation of vehicle images taken from two contrasting views, lim-
ited overlapping vehicle parts for images acquired by CCTV’s and UAV,
etc. The dataset is an extension of the work [22] that was conducted to
perform cross platform vehicle re-identification. The developed dataset
avoids providing supplement information such as license plate informa-
tion, vehicle type/model, pose and color information making it more
challenging to design a framework for re-identification. Further details
of the MCU-VRelD dataset are described in Section 3.1.

2.2. Existing work on re-identification

2.2.1. Person re-identification

The study presented by authors in [23] generates a convolutional
descriptor of part features from a Part Based Convolution (PCB) net-
work. The framework utilizes the standard ResNet-50 backbone archi-
tecture to learn the vehicle representations. PCB splits the feature maps
horizontally into ‘p’ parts to take advantage of local spatial cues. Each
part is later fed as an input to the classifier to predict the person’s
identity.

In the work [24], the authors designed a CNN framework termed an
Omni-scale network that consists of residual blocks of several convolu-
tional streams for detecting the features at a different scale. The au-
thors used depth-wise separable convolutions, which initially perform
a pointwise convolutional operation followed by a depth-wise convolu-
tion. They introduced a unified aggregation gate that dynamically fuses
multi-scale features with channel-wise weights.

The authors of the work in [25] presented a novel approach called
inter-instance contrastive encoding (ICE) for unsupervised re-identific-
ation based on contrastive learning. ICE addresses enhancing the qual-
ity of pseudo-label generation used in contrastive learning by lever-
aging inter-instance entity similarity scores. ICE uses two components
namely hard and soft instance contrastive loss to minimize intra-class
re-identification variance and to enhance the network to be more
consistent with augmented and original views of identity.

A Part-based Pseudo Label Refinement (PPLR) is developed by
authors in [26] and aims to reduce label noise by determining com-
plementary relationships between global and local features. The frame-
work uses k-nearest neighbors to measure similarities between global
and local part features. The framework aims to learn the discriminative
features of vehicles when addressing datasets that have minimal label
information about entities.

In the study [27] authors developed a re-identification framework
named Neighbor Transformer (NFormer) that explicitly models the in-
teractions between all the input images for learning the representations.
It includes two modules namely Landmark agent attention (LAA) and
Reciprocal Neighbor Softmax (RNS) to determine a relationship map
of images in a feature space. The framework uses these modules to
eliminate outliers in the feature space for robust re-identification.

Authors in [28] proposed a novel Part-aware Transformer (PAT)
model for domain generalization and person re-identification (DG-
ReID). The PAT framework is developed to learn generic features that
are robust to domain-specific representations. The framework uses two
key components namely Cross-ID similarity learning (CSL) and Part-
guided Self-Distillation (PSD). CSL of the PAT framework learns to
label invariant features by mining local visual information shared by
different labels. This knowledge of local visual representation is utilized
by the PAT to guide in learning the global features.

2.2.2. CCTV vehicle re-identification

By utilizing publicly available datasets, several works have con-
tributed to vehicle re-identification. To aid in the re-identification pro-
cess, some of the methods utilize vehicle attributes or additional infor-
mation. This information are either directly obtained from the dataset
or labeled for task-specific purposes. Some of the works that incorpo-
rate this supplement information for re-identification are summarized
below.

The authors in the work [17] proposed a two-branch deep convo-
lutional network that projects the vehicle images to a euclidean space
to measure the similarity of the two vehicles. To learn the discrimi-
native features from deep feature embeddings, the network utilizes a
Coupled-Cluster Loss (CCL).

To alleviate the requirement of labeled data, the authors in [29] pro-
posed an adaptive feature learning method to perform re-identification.
A re-identification network is trained on existing datasets by fine-tuning
the feature extractor module to adapt any different target dataset.
Their proposed framework consists of three stages: the vehicle proposal
stage, single-camera tracking, and a feature extractor step to perform
re-identification.

Utilizing the vehicle part information, the authors in [30] proposed
a re-identification framework that exploits the challenges of distin-
guishing vehicles with similar geometric shapes and appearances. To
address the near-duplicate phenomenon, local and non-local features
must jointly learn the vehicle features. Their framework incorporates a
local module that gives importance to vehicle parts. YOLO object de-
tector is used to detect and locate the vehicle parts. Later these vehicle
parts are projected into a global module that utilizes a ResNet-50 [31]
as a backbone network to learn the feature embeddings.

The success of transformers in computer vision applications led
authors in [32] to propose a transformer-based object identification sys-
tem named TransRelD. Their approach to performing re-identification
includes two modules: a jigsaw patch module (JPM) and a side infor-
mation embedding module (SIE). The jigsaw patch module shuffles the
generated patch embeddings to capture robust object features when it
is subjected to partial occlusion. The SIE also learns non-visual cues
by introducing additional embedding representations such as camera
or viewpoint information. Authors evaluated their approach using dif-
ferent variants of DeiT [33] and ViT [34] transformers on benchmark
person and vehicle re-identification datasets.

A novel loss paradigm named Sparse Pairwise loss (SP) is developed
by authors in [35] to address the drawbacks of pairwise loss for object
re-identification. The SP loss constructs a sparse similarity matrix for
each class to consider a few appropriate image pairs in a mini-batch.
Further, the SP loss mines only top-k negative and positive pairs to
ensure that only informative pairs are chosen for training. SP loss also
uses an adaptive mining strategy to adapt to large intra-class instance
variations.

Apart from the above summarized works, several re-identification
methods are presented that aim to perform re-identification with min-
imal use of supplementary information about vehicles.

An unsupervised metric learning model is developed that leverages
pairwise and triplet constraints on training a re-identification model
using the triplet loss similarity metric [36]. The vehicle features are
transformed from an initial input dimension into a feature space where
similar identity vehicles are close together while keeping dissimilar
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Viewpoint Changes
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Occlusion

Fig. 3. Illustration of different challenges presented in MCU-VReID. Top: Each row (a) and (b) shows the vehicle identities observed by the network of cameras and UAV.
Re-identification is more difficult due to challenges such as differences in aspect ratio, scale, appearance, and minimum overlap of vehicles when observed by CCTVs and UAV.
Bottom: MCU-VRelD also presents scenarios of an identical vehicle subjected to viewpoint changes, occlusion and illumination changes.

vehicle identities far apart. A Single-shot detector [37] is utilized to
identify the vehicles appearing in a scene and is assigned to an existing
or a new tracklet. The detector is built upon a VGG-16 [38] backbone
network and is trained using a COCO dataset with only vehicle class.
To compare the similarity between two vehicles, a middle frame of
the tracklets is selected, and the similarity score is computed using
Euclidian distance.

The authors in [39] introduced a batch sampling strategy with
triplet loss to perform vehicle re-identification. They evaluated the
batch sample and batch weighted variants against the standard batch
hard and batch all variants of vehicle re-identification.

A vehicle re-identification and abnormality detection framework
were contributed in work [40]. The framework consists of three steps:
a deep metric embedding module, a vehicle classifier module, and a
re-ranking module. The deep metric embedding module is utilized to
extract discriminative vehicle features. The classifier module addresses
how the vehicle features can be learned when they are of different poses
and colors. A Faster-RCNN is used to detect the vehicles appearing on
the scene. The features of detected vehicles are learned using a ResNet-
50 [31] trained with a triplet loss metric. As a post-optimization step,
the authors have re-ranked the candidate images for a given query
using the bag-of-words approach.

Apart from these works, some recent studies considered viewpoint
cues to enhance the conduction of vehicle re-identification [41-44].
As a part of the Al CITY Challenge [45,46], several other vehicle
re-identification works have been contributed [47-50].

Though the above approaches aim to address different challenging
aspects of vehicle re-identification, there are some hurdles that may
arise while performing cross platform vehicle re-identification. Some of
the above approaches consider deep feature extraction networks with
fixed filter sizes. Due to that, the feature extractor uses only local neigh-
bor information at a time. Further, deep feature extractor networks
suffer information loss when they contain more strided convolution and
downsampling operations. On the other hand, a transformer-based re-
identification approach learns vehicle features by computing attention
scores at a fixed patch size. Further existing approach involves addi-
tional computation in determining camera/viewpoint embeddings for
learning the features of vehicles observed from different viewpoints.

2.2.3. UAV vehicle re-identification

There are limited works carried out in performing vehicle re-
identification using aerial data. The authors in [21] proposed a method
to perform re-identification that consists of two parts: First, a Multi-
objective model whose backbone network is ResNet-50 is used for
retrieval, ID classification, and attribute classification. Secondly, dis-
criminative parts of vehicles are identified using YOLOv2 [51].

A vehicle re-identification dataset using UAV named UAV-VelD is
developed by [12]. To address substantial changes in viewpoints and

scales of vehicles, authors in [12] have proposed a viewpoint adver-
sarial training strategy and a multi-scale consensus loss to promote
the robustness and discriminative power of learned deep features.
They have used dilated convolution concept at different dilation rates
to address the problem of variation in the scale of vehicles when
observed by UAV at different altitudes levels. Research towards vehicle
re-identification using UAV is emerging but significantly less than re-
identification using surveillance cameras. Vehicles observed by UAV’s
differ in scale as the flight altitude of UAV’s may vary dynamically.
Existing vehicle re-identification approaches tackle to address the scale-
invariant for better re-identification, but they fail to address how
re-identification can be performed when there is no significant overlap
of vehicle information or contrasting appearance of vehicles observed
by two different surveillance systems.

2.3. Self-supervised based training for vehicle re-identification

Self-supervised methods are emerging to address scenarios where
collecting and annotating large-scale datasets is expensive for perform-
ing computer vision tasks. Self-supervised methods utilize a contrastive
learning approach that aims to cluster similar examples together and
distancing from diverse samples. Traditional self-supervised methods
define a pretext task for underlying deep learning models to learn
visual features from unlabeled data [52]. After the model has been
trained to identify visual features, the features learned from the initial
layers of the model are transferred to train downstream tasks. A typical
autoencoder architecture is used to solve the pretext problem. In recent
years several works related to self-supervised learning have been pre-
sented by various authors. Some of the methods, such as SimCLR [53],
MoCo [54], BYOL [55], SWAV [56] use different techniques to train
the network namely data augmentation, memory banks, momentum
encoders, clustering, etc.

In the context of vehicle re-identification, an approach to learn
vehicle-specific discriminative features called Self-supervised Attention
for Vehicle Re-identification (SAVER) is proposed by authors in [57].
A Variational Autoencoders-based reconstruction module generates the
vehicle image without specifically identifying the vehicle. The recon-
structed image is further masked from the input image to produce an
image that contains vehicle-specific information. Additionally, this is
provided to a feature extraction module for training re-identification
with triplet and cross-entropy loss.

To learn geometric features of vehicles in a self-supervised ap-
proach, authors in [58] presented a framework that encodes geometric
local features and global contextual information. They have used a self-
supervised approach to learn the geometric features of vehicles from
different perspectives. The framework comprises of the global branch,
a self-supervised learning branch, and geometric features branch to
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encode local and global geometric and discriminative features of ve-
hicles. Authors evaluated their framework with a publicly available
re-identification dataset namely VeRi-776 [19], VehicleID [17] and
CityFlow-ReID [59].

Authors in [60] presented a re-identification framework called Self-
Supervised and Boosted Vehicle re-identification. The framework is
based on the principle of student—teacher learning with a momentum
encoder. The student network is modeled to learn the local views of the
vehicle, while the teacher network is trained to learn the global view.
The student network is optimized with self-supervised (sharpening and
centering) and re-identification strategies (Triplet Loss).

Recently several authors have also explored the problem of cross
domain vehicle re-identification. cross domain vehicle re-identification
addresses the challenge of adapting re-identification methods to a
target domain that has a drastically different scene, different vehicle
types/models, variation in viewpoints, illumination changes, etc. which
has no commonalities with the source domain for which the frame-
work was designed. Cross domain approach for vehicle re-identification
bridges this gap of re-identifying the vehicles of a target domain by
domain adaptation strategies such as GANs for target domain adapta-
tion [61,62], attention gates for learning more discriminative features
of target domain using progressive feature learning [63] and also the
use of unsupervised learning through CycleGANs [64]. The perfor-
mance of these cross-domain frameworks is assessed using existing
datasets that exhibit significant variations in scene and vehicle charac-
teristics but are obtained using a single surveillance system. In contrast,
the present study addresses cross platform vehicle re-identification of
vehicles that are observed by two different platforms of surveillance
systems i.e. CCTVs and UAV. In the present study, the re-identification
model utilizes data that includes vehicles viewed at the common set of
scenes but gathered by two different surveillance systems, as opposed to
the cross domain approach. Though the vehicles are seen in a similar
set of scenes, the scene information is taken by two distinct platforms
of surveillance systems that vary significantly specific to the resolution,
appearance, and viewpoints of vehicles.

For vehicle re-identification, most approaches developed are con-
cerned with re-identifying vehicles observed by CCTV or UAVs. In
the re-identification of vehicles, supervised training is typically used
with/without supplementary information. However, in the present
study since the vehicles are observed by two contrasting surveillance
systems, there is a drastic change in the semantics of the vehicle. Re-
identification frameworks trained in a supervised approach for vehicle
images will fail to generalize the features of vehicles observed by UAVs
and CCTVs. Some contributions have been made to the re-identification
of vehicles observed by cross platform surveillance systems. In [22],
an attempt is made to re-identify vehicles appearing in two different
modes using a supervised approach. Here, re-identification is conducted
by explicitly computing transformation using homography between
vehicle images acquired by CCTV and UAV. Subsequently, the trans-
formation is applied to CCTV vehicle images to obtain a near-matching
vehicle image if a UAV takes it. However, re-identification appears to be
challenging due to various factors. In certain cases, it is found that due
to poor estimation of corresponding points, the computed homography
is not accurately calculated to perform the required transformation
of vehicle images for re-identifying vehicles. Also, vehicles observed
from different perspectives made it more challenging for CNN to learn
vehicle features. This minimized the possibility of obtaining cross
platform candidate images for a given query. Consequently, in the
present study, the distribution of vehicle features observed by CCTVs
and UAV is assumed to be different. By learning the appropriate trans-
formations using self-supervised approaches, the similarities between
vehicle images observed by UAVs and CCTVs are minimized. The
knowledge gained through a self-supervised approach is then used for
supervised re-identification. The details of the framework and training
strategy are presented in Section 3.
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3. Proposed work

The following sections present the details of the contributions of
the article mainly providing detailed information on the developed
dataset i.e. MCU-VReID (Section 3.1) and vehicle re-identification
framework MSFFT (Section 3.2) for performing cross platform vehicle
re-identification.

3.1. MCU-VReID

Existing vehicle re-identification methods are evaluated on datasets
developed using standalone surveillance systems i.e., CCTV or UAV.
Building upon the work conducted in [22], this study further explores
the task of vehicle re-identification using cross platform surveillance
systems. For this, a dataset called Manipal CCTV-UAV Vehicle Re-
Identification (MCU-VRelD) is developed. The primary significance of
the dataset is to perform cross platform vehicle re-identification. The
developed dataset is also helpful in performing other vision-related
tasks such as vehicle detection, tracking, and identifying abnormal
behaviors.

The surveillance data is acquired from an educational Institution
(Manipal Institute of Technology, Manipal, India). From the entire
available CCTV, a total of 42 CCTV cameras were chosen. A fleet of
cameras is considered from the Academic area of the campus, and
other cameras are located at hostel premises thereby covering the entire
campus. It may be noted that traffic is not uniform in all the cameras.
In an earlier work [22] for cross platform vehicle re-identification, data
was collected from 20 CCTVs and a UAV on campus, mainly from
the Academic area. In this study, the dataset is further extended to
cover a larger geographical area: along with 20 CCTVs located in the
academic area, additional 22 CCTVs from the hostel area of the campus
are considered. The videos acquired from UAV and CCTVs at the hostel
premises present significant challenges specific to illumination changes.
Using the chosen CCTVs and UAV, the data is acquired on different
days. UAV aerial videos are acquired using a DJI Phantom Professional
drone with a 1280 x 720 resolution at 29 frames per second. While
acquiring the videos using UAV, the flight altitude is varied between
25-30 m. The CCTV videos are captured with 1920 x 1080 resolution
at 20 frames per second. The videos have been acquired such that the
vehicles a UAV observes on a flight are seen by at least one or two
CCTV cameras. During data acquisition, it is made sure that when a
UAV is made to fly across the locations of installed CCTV cameras
for acquiring vehicle information for a certain duration, the data from
CCTV videos are acquired at the same timestamp. The CCTV videos
were also acquired in certain scenarios before the UAV flight and post-
landing. This is to collect the vehicles in motion previously observed by
UAVs in their respective parking lots. The collected UAV video duration
ranges between 8 to 12 min, while the CCTV video duration ranges
from 15-40 min. The dataset consists of 51 vehicles observed across
CCTVs and a UAV. The summary of the dataset is shown in Table 2.

Most of the existing re-identification tasks use available datasets
containing supplement information which eases the re-identification
task. This supplement information can be the model/type of vehicle,
the color of the vehicle, and pose information (front view, rear view,
and side view) which provides a substantial cue of a vehicle observed
by a camera. This supplement information requires additional label-
ing, which is expensive and time-consuming. Although the developed
dataset using cross platform surveillance systems can help re-identify
vehicles through aerial and ground-level views, it also presents certain
additional challenges. Apart from common obstacles such as occlusion,
illumination, and viewpoint changes, the dataset presents extra chal-
lenges when the vehicle is observed by both UAV and CCTVs. Among
them are subtle differences in the color and appearance of certain
vehicles, the minimal overlap of vehicle information, and differences
in scale and significant transformations of vehicles as observed by
CCTVs and UAV (Fig. 3). Based on the datasets developed for person re-
identification that use minimal supplemental information, the dataset
developed in this work follows a similar approach of providing minimal
supplementary information to perform vehicle re-identification.
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Table 2
Dataset information.
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Surveillance Surveillance Image Frame Minimum duration Maximum duration
platform cameras resolution rate (min) (min)

CCTV 42 1920 x 1080 20 15 40

UAV 1 1280 x 720 29 8 12

3.1.1. Data pre-processing

In this study, vehicle re-identification involves querying a vehicle
observed in either UAV or CCTVs. As described in Table 2, the surveil-
lance videos representing both UAV and CCTV are taken at 29 and
20 frames per second, where the change between successive frames
is marginal. As a pre-processing step, a shot boundary detection [65,
66] algorithm is applied to produce keyframes that contain identical
vehicles observed across both platforms. The duration of surveillance
videos varies from 8-12 min (UAV) and 15-40 min (CCTVs). The
resolution of UAV and CCTV videos is 1280 x 720p and 1920 x 1080p
respectively. Hence, generating keyframes using shot boundary detec-
tion with the original frame dimension is computationally expensive.
To generate keyframes, every frame of surveillance videos is resized to
a dimension of 512 x 512. In shot boundary detection, every frame
is divided into a non-overlapping uniform grid. In order to identify
a histogram difference between two corresponding frames with two
consecutive windows, a Chi-square distance is used. The difference is
calculated for every pair of consecutive frames, and a shot boundary
is identified if the histogram difference between two frames is greater
than a threshold T},,,. For every frame appearing in a shot of the shot
boundary detection, a middle frame is designated as a keyframe. Later,
the vehicle re-identification is carried out for the identified keyframes
by considering it with the original image resolution of either platform
(1920 x 1080p for CCTV and 1280 x 720p for UAV).

For the generated keyframes, only those “identical vehicles” ob-
served across both CCTVs and UAV are identified. These identical
vehicles are numbered sequentially, resulting in a total of 51 identical
vehicles. With an assumption that vehicles may undergo appearance
changes (damaged vehicle part, re-paint, the addition of stickers, etc.),
a similar vehicle observed on two separate days is assigned with a dif-
ferent vehicle identity. These vehicles are manually identified with the
help of the vehicle’s license plate information. Later the license plate
details of every vehicle appearing in the keyframes are blurred using
an image-blurring tool. The identical vehicles are individually labeled
by drawing a bounding box and assigning a vehicle identity for re-
identification. Providing annotation for identical vehicles is manually
performed using the Microsoft Visual Object Tagging tool (MS Vott).

3.2. Methodology

3.2.1. Overview

The present work performs vehicle re-identification across cross
platform surveillance systems. Vehicles observed by two contrasting
surveillance systems (UAV and CCTVs) may exhibit several appearance
changes and variations in scale, making it challenging to re-identify the
vehicles. To address these, a novel vehicle re-identification framework
is designed to re-identify vehicles observed by a network of CCTVs
and a UAV. Fig. 4 shows the proposed Multi-Scale Feature Fusion
Transformer (MSFFT) that comprises convolution layers and blocks of
Inception layers to capture the contextual information of vehicles at
different scales. The learned features at each Inception block are prop-
agated to multi-head attention layers that compute attention among
feature maps at different resolutions. The feature maps generated at
different resolutions are fused to obtain a representation that accu-
mulates the features at different scales. The fused representations are
used to generate feature embeddings that are used further for two-stage
training. During inference of vehicle re-identification, for any given
query vehicle image, the features of the query vehicle and the features
of all the vehicle images from the gallery are extracted. A similarity

matrix is generated for each query to the gallery vehicle images based
on a distance metric. For every query image, the gallery images are
then ranked according to the similarity matrix. The similarity matrix
are sorted such that the most similar vehicles having a higher rank than
the rest of the vehicles with lower similarity to the given query.

In the present study, the vehicles observed by CCTVs and a UAV
show drastic differences in appearance. Fig. 5 shows that a vehicle
observed by a CCTVs is a transformed/augmented version of the same
vehicle spotted by a UAV or vice versa. Fig. 5 shows that the vehi-
cle observed by UAV and CCTVs contains some common overlapping
parts information. For example (a) from Fig. 5, the vehicle contains
similar overlapping rear portions of the vehicle observed by UAV
and CCTV. The vehicles appearing in examples (b), (c), and (d) of
Fig. 5 share a small amount of similar information from the front and
side view of the vehicles. Therefore, the underlying re-identification
network must be exposed to learn the different semantic perturba-
tions. In doing so, the network can map two different contrasting
views of vehicles image taken by a CCTVs and UAV aerial device. For
this study, two state-of-the-art self-supervised learning strategies are
considered. Specifically, SimpleSiamese (SimSiam) [67] and Nearest
Neighbor Contrastive Learning (NNCLR) [68] are used to guide the
underlying re-identification network invariant to any augmentations or
transformations.

A two-stage training strategy is adopted to train the MSFFT. The
identical vehicles observed by UAV and CCTVs have significant ap-
pearance changes. The vehicles observed by surveillance platform
(CCTV/UAV) appear to be a transformed version of the other. Hence
the model needs to be invariant to these transformations to accurately
re-identify vehicles. The main objective of self-supervised approaches
is to expose the underlying network to various data enhancements so
that it is invariant to future vision tasks. Self-supervised approaches
typically consist of an encoder and a predictor network (Fig. 6). Various
data augmentations are applied to input batches, and a correlation is
estimated between the original and the augmented view of the image.
Using a contrastive loss, the distance between an encoded image feature
embedding and an augmented view of the same image is smaller than
the distance between the augmented views of different images. In
contrast, this study assumes that the exact vehicle observed by either
UAV or CCTV represents an augmented/transformed view of the other.
Therefore the study avoids expensive data augmentations which is
a laborious task and in some cases may even change the semantic
information of the vehicle. The MSFFT framework is initially trained
using two self-supervised approaches: SimSiam (Simple Siamese) and
NNCLR (Nearest Neighbor Contrastive Learning). These two approaches
are implemented independently. Later the framework is trained by
fine-tuning the final layers to perform re-identification. The following
subsections provide details regarding the architecture of MSFFT and
the training strategy used to conduct re-identification.

3.2.2. MSFFT: Multi-scale feature fusion transformer

A novel vehicle re-identification framework named Multi-Scale Fea-
ture Fusion Transformer (MSFFT) is designed to re-identify vehicles
across cross platform surveillance cameras. The framework has two
modules. The first module namely multi-scale feature extraction, con-
sists of inception layers [69] along with a transformer network to
capture contextual information at different scales. The inception layers
target learning the characteristics of vehicles of dynamic scales and
sizes. This is done by applying the convolution operation to images
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Fig. 4. MSFFT: Overview of the proposed architecture for cross platform vehicle re-identification. The architecture consists of blocks of inception layers with transformer networks
that extract features at different scales. The vehicle features are learned by Inception layers with transformer networks at three levels which are fused to encapsulate the features

of vehicles at multiple scales.

Fig. 5. Each column contains same vehicles observed by UAV (top tow) and CCTV
(bottom row). Note that very few parts of the vehicles overlap in the two images. Thus,
due to the overlap of certain vehicle parts, the vehicles observed by (CCTVs/UAVs)
seem to be transformed/augmented versions of the vehicle seen by (UAVs/CCTVs).

Individual Batches of identical vehicles observed by CCTV’s
and UAV

——
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Additional Layers
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Fig. 6. Two-stage re-identification approach comprises learning the vehicle semantics
from an encoder (f(6)) and a predictor network (p(#)). The encoder (f(0)) is further used
with additional layers to train a re-identification network in a supervised approach.

with different kernel sizes. The vehicle features learned by these incep-
tion layers are propagated to the transformer network for calculating
attention scores. The transformer network calculates attention scores
for a given resolution image patch. These inception layers, along with
transformer networks, are used at three different levels (Fig. 4) to
capture the contextual information of vehicles at multiple scales. The
second module is a feature fusion module that fuses the features learned
by the inception layers and transformer networks from different levels

that contain the learned vehicle representations at multiple scales. The
fused feature representation is further used as a feature embedding for
training the network to learn the transformations using self-supervised
approach and further use the learned representations to perform re-
identification using supervised approach. The details of the MSFFT
architecture are discussed below.

Multi-scale Feature Extraction:

MSFFT takes the bounding box of similar vehicles appearing across
the keyframes of both CCTVs and UAV as input. Given a bounding
box of vehicle x € R™wX3 it is resized to an uniform dimension
of 224 x 224 before feeding to the initial layers of the framework.
The resized image x is passed to an initial 5 x 5 convolution layer
with ReLU activation. The downsampled feature map is forwarded to
the first level of multi scale feature extraction module comprising of
inception like layers with transformer network. At the first level, the
inception layers consist of three parallel convolution layers of various
filter sizes, as shown in Fig. 4. The motivation behind using filters of
various sizes is to capture vehicle features at various spatial locations
in the image. Thus prominent features of vehicles of different scales
and aspect ratios are learned using these inception layers. The feature
maps from the first level of inception layers I, (x) are concatenated and
given as input to the transformer network. The concatenated feature
maps of the inception layers I;;(x) have the dimension H X W x F
where H and W are the height and width of the feature map and F is
the number of filters. The concatenated feature map from the Inception
layers I;,(x) is further fed to the transformer block to compute attention
scores with multi-head attention. The method uses the same operation
as in standard Vision Transformer (ViT) [34] to compute multi-head
attention over a sequence of patch embeddings. The patch embedding
layer of ViT inputs a RGB image at the patch embedding layer. The
patch embedding layer reshapes the image into a sequence of flattened
2D patches. In contrast, the proposed framework uses the output of
each concatenated feature map of the inception layers to calculate
attention scores. Hence the input to the patch embedding layer is the
concatenated convolution feature maps of dimension (H;,, W, Fy,)
where H; and W are the height and width of the feature map of
I, (x) concatenated convolution feature map and Fj, is the depth of
the feature map. The patch embedding layer is similar to ViT, which
divides the given input into % X Yy patches. The patch size for the
first level of the transformer network is taken as P = 16. The generated
patches are projected into a D dimension vector space to compute patch
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embeddings. Layer Norm (LN) is applied before every block and after
the residual connections. Multi-head self attention is computed across
% X % number of patches. The computed attention score by the
transformer network at level 1 is denoted as T}, (I (x)).

The concatenated feature map of the inception layers I;;(x) from the
first level of the multi-scale feature extraction module is downsampled
using a maxpool operation with stride (2,2). This is further fed as input
to the second level of the multi-scale feature extraction module. The
inception layers at level 2 consist of three branches of two consecutive
convolution layers. At each branch, the first convolution layer is a
1 x 1 convolution with filters of various sizes and depths, as shown in
Fig. 4. Regular convolution layers follow it to calculate the contextual
information for the downsampled feature map with different filter sizes
(Fig. 4). The feature maps generated by three parallel convolution
branches are again concatenated to generate the feature map I;,(x) for
Inception layers at the second level of the multi-scale feature extractor
module. The concatenated feature map is fed to the transformer net-
work at the second level of the multi-scale feature extractor module to
compute attention scores. At this level, the initial patch size is reduced
by a factor of 2, thereby computing attention scores in a smaller patch
neighborhood of % X % Here H,;, and W;, denotes the height
and width of feature maps from Inception layers I;,(x). The computed
attention score by the transformer network at level 2 is denoted as
T (I (x)).

At level 3 of the multi-scale feature extractor module the feature
maps generated by the inception layers I,,(x) are downsampled in a
similar way as performed in level 2. The downsampled features are
fed to the final level of inception layers and the transformer network.
The inception layers are similar to the inception layers at level 2. The
features from the inception layers at level 3 Ij;(x) are concatenated
and fed to the transformer network to compute the attention scores
at a patch of size % X %. The computed attention score by the
transformer network at level 3 is denoted as Tj3(I;3(x)).

Feature Fusion Module:

The multi-scale feature extractor module of MSFFT aims at learning
features at multiple scales. Vehicle features are learned using the
inception layers and transformer network to compute attention scores
at different feature map resolutions. The generated attention scores
at three levels i.e. T}, (I;;(x)), T;p(I(x)), T);3(I;5(x)) contains contextual
information about vehicles at different scales. These information are
concatenated to generate a feature vector that encapsulates the vehicle
features at multiple scales i.e.

Featurep, ., = concat(T); (1), (x)), T,(I1;5(x)), Tj3(1}3(x))) €y

where concat is the concatenation operation. In the two-stage approach
to training the network, the fused feature vector generated as specified
in Eq. (1) is forwarded to the layers that are used to train the network.
The sub Section 3.2.3 presents the two-stage training approach for
MSFFT.

3.2.3. Two-stage training approach

The MSFFT vehicle re-identification framework is developed to
re-identify vehicles across a network of CCTVs and UAV. The net-
work is exposed to learn the transformations of a vehicle observed
from contrasting views. The bottleneck fused feature representation
of vehicles generated by MSFFT is used further to train the network
with self-supervised approaches namely SimSiam and NNCLR. Later
the knowledge gained by the network after being trained using these
approaches, is further utilized to perform the re-identification task in a
supervised approach.

Training MSFFT Self-supervised SimSiam:

SimSiam [67] is a self-supervised method that aims to maximize the
similarities between two augmented versions of an image. Instead of
augmenting the images of vehicles observed by CCTV or UAV, identical
vehicles observable by either surveillance platform (CCTV/UAV) are
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chosen as augmented versions of each other. This training method
enables SimSiam to become less contrastive when re-identifying similar
vehicles observed by CCTVs and UAVs. Like SimSiam, the encoder net-
work f(6) employs MSFFT as the backbone network with the projection
MLP head. Given the MSFFT (Fig. 4), a fully connected layer with Batch
Normalization (BN) is added after the final layer of MSFFT. For the two
identical vehicles observed by cross platform, a prediction MLP head
denoted as p(f) aims to match the output of one view to the other.
The prediction MLP shares the same architecture as SimSiam’s self-
supervised approach. The weights are shared between two encoders
that process batches of identical vehicles of contrasting appearances.
If xccry and x;,, are the two images of the same vehicle, the
similarity between two contrasting views is maximized by minimizing
the negative cosine similarity:

Pccrv Zuav
S(pcervszyay) = - &)
lpcervila Nzgayllz

where pcery = p(f(xcery)) and zy = f(xy4y) are the two output
vectors of two different views (UAV & CCTV). Here p(f(xccry)) is the
vector obtained from the prediction MLP of CCTV vehicle image of
MSFFT and f(xy 4y ) is the vector generated by the projection MLP of
UAV vehicle image of MSFFT.

SimSiam uses a symmetric loss using a stop-gradient operation
where the gradient is propagated to an encoder from another encoder’s
prediction MLP head.

Training MSFFT using Self-supervised NNCLR:

NNCLR [68] self-supervised approach maintains a support set that
includes embedded images from a subset of images in the dataset to
facilitate the generation of new data points. NNCLR uses contrastive
loss (in this case, InfoNCE loss) for discriminating between instances.
For any two sample z; and z;” where z} is the augmented version of z,,
the InfoNCE loss is defined as:

exp(z;.z] [T)

3
gexp(zi.zl'f'/‘r) + X e exp(z;.2; [7) )

Liysonce = —lo

where 7 is the softmax temperature and (z;, zi+) (z;,z7) are the positive
and negative pair. MSFFT is the backbone architecture for the encoder.
The projection MLP contains three fully connected layers of sizes
[2048,2048,d]. Here d represents the total identical vehicles observed
during training. The prediction MLP consists of two fully connected
layers of size [2048,d]. Given a minibatch of identical vehicles {x;.},
i€V, = (1,234... M} and c € C, = {1,2,3,4,.... N}, the
identical vehicles observed at different cameras (CCTV’s) are sampled
and fed into the encoder network f(6). Here V}, is the identical vehicle
observed by a network of cameras and a UAV denoted by the set
Ci4- The positive pairs (z;, z}) are obtained by identifying the nearest
neighbor of z/s in the support set Qp,;. The support set contains
samples of identical vehicles observed by another platform (UAV). The
NNCLR loss is defined as:

exp(NN(Z;, Quap)-Z} 7)
[
€ Y exp(NN(Z;,Quay)-Z; /7)

Here N N(z, Qy 4y ) is the nearest neighbor operation for a CCTV view of
the vehicle present in the support set. Note that each self-supervised ap-
proach is trained independently and further used for re-identification.
Training MSFFT using supervised approach:

Using the self-supervised approach the features learned by the
backbone encoder network MSFFT are further utilized to conduct re-
identification by training the final layers of MSFFT using self-supervised
learning. Specifically, the weights of the encoder network (MSFFT) are
frozen until the second level of the multi-scale feature extractor module
of MSFFT and the last level of the multi-scale feature extractor module
together with the fully connected layers are trained in a supervised
approach with triplet loss.

4

Lyncrr=-1
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4. Experiments

In the present study, a novel re-identification framework is proposed
to perform cross platform vehicle re-identification. The re-identification
network is evaluated on the developed dataset MCU-VRelD. For the 51
annotated identical vehicles observed across 42 CCTVs and a UAV, for
training the re-identification network, a total of 29 vehicle identities
were obtained. The training set comprises 2366 vehicle images of 29
different vehicle identities. In the inference phase, the gallery/test
consists of 3264 vehicle images of the remaining 22 vehicle identities.
For each identical vehicle considered in inference, the vehicle images
captured by both UAV and random surveillance cameras are considered
as query vehicle images. This yields a total of 44 query vehicles. All the
vehicle images used for experiments are resized to a uniform dimension
of 224 x 224. Providing manually annotated training datasets of suffi-
cient size is a challenge in supervised deep learning methods [70]. To
tackle this issue, the underlying CNN layers of MSFFT are trained on
a large dataset, and then the learned weights are used to perform the
required task at hand. Before modeling the MSFFT, the convolutional
layers (the initial layers, inception block) are trained without the
transformer network with the standard vehicle re-identification dataset
VeRI-776. The final concatenated convolutional features are flattened
and are passed to the two fully connected layers with a Dropout of 0.5
between each layer. The final fully connected layer is used to predict
the class labels. The network is trained using sparse categorical cross-
entropy loss with an Adam optimizer. To perform transfer learning,
the VeRI-776 training set that comprises 37,746 images of 769 vehicle
identities is utilized. Further, the network is built upon by freezing the
learned weights and adding the transformer network at each level of
MSEFFT to capture features at different scales.

The Section 4.1 outlines the criteria for choosing the Ty, value,
which is subsequently used for generating keyframes for CCTV and
UAV videos. Further Section 4.2 provides the implementation details
of MSFFT used to carry out cross platform vehicle re-identification.
To evaluate the performance of the network, available re-identification
metrics such as mAP and rank-k accuracy are considered. The Sec-
tion 4.4 presents the evaluation of the developed dataset with state-of-
the-art re-identification methods. Table 3 summarizes the overall mAP
and rank-k accuracy for re-identification methods evaluated on MCU-
VRelD. In order to train the re-identification models, Intel’s Intel Xeon
W-215 CPU @3.70 GHz was used along with 32 GB of RAM and an
Nvidia Quadro RTX 4000 GPU has been used.

4.1. Estimation of Ty, using shot boundary

The shot boundary is detected by comparing the histogram variation
between two successive frames using a threshold value, Ty, 3.1.1. The
present study utilizes this technique for two separate surveillance plat-
form systems that vary in the method of video acquisition. The CCTV
cameras are static and have a fixed field of view. During surveillance
if there are no major traffic movements, the background scene does
not change very significantly from frame to frame. However, there is a
notable change in the scene when there is an appearance or movement
of an object. The data collected by CCTVs contain non-uniform vehicle
movements where some cameras monitor significant vehicle traffic
(Cameras located inside the campus) while the rest contain minimal
traffic movements (Cameras located at hostel premises). In UAV videos
there is a constant change in the scene due to the flight movement.
Hence even if there is no sudden appearance or movements of entities
in the scene, there is a drastic change in scene information due to the
UAVs motion. The study aims to reduce the presence of static frames
within a sequence of frames, where there is minimal change in the
scene. Fig. 7 illustrates the histogram difference calculated for three
distinct CCTV videos and a UAV video captured at various locations.
The occurrence of a peak at regular intervals indicates the existence
of a substantial change between two successive frames. As shown in
Fig. 7, the value for Ty, is experimentally determined to be 0.2 for
CCTV and 0.1 for UAV videos.
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4.2. Vehicle re-identification using MSFFT

MSFFT employs a two-stage training strategy to re-identify vehicles
across cross platform surveillance systems. At the first stage a self-
supervised training is performed to learn various transformation views
of vehicle images, as observed by both CCTVs and UAVs, in the cross
platform vehicle re-identification process. Further at second stage of
training, the knowledge about the vehicle transformation learned at
first stage is utilized to train the MSFFT in a supervised manner for vehi-
cle re-identification. As a baseline approach, single-stage training using
supervised learning with triplet loss is used to perform re-identification
with MSFFT. The hyperparameters that are used to train MSFFT in a su-
pervised manner for both approaches (baseline and two-stage training)
are kept in common.

Baseline implementation of MSFFT with supervised training:

The re-identification network inputs batches of identical vehicles
observed by both CCTVs and UAV. The network mines the P # K
batches of images using the Batch Hard Triplet Loss variant with a soft
margin [71]. Here K instances of P vehicle identities are sampled at
each iteration in the course of training the re-identification network. P
and K are experimentally set to 8 and 4, respectively.

The batch of P * K images of dimension 224 x 224 are fed
into the initial layers of MSFFT, which learns the initial contextual
information of the vehicles. The first concatenated feature map is
passed to the transformer blocks with a patch size of 16 x 16. Similarly,
the features generated at successive inception layers are propagated to
its transformer block to calculate different levels of attention scores.
One key finding is that the number of patches obtained at each level
of transformer blocks is 49 with dimensions of 7 x 7. However, each of
the transformer blocks encodes the attention of the convolution feature
maps at different resolutions. A trainable linear projection translates
the flattened 2D patches to a constant latent space dimension D. The
parameter D is experimentally chosen to be 64. The MSFFT with
selected parameter D has fewer trainable parameters, making it lighter
and shallower than ViT. The attention scores of each flattened patch at
different transformer blocks are added to obtain the scores at different
scales.

The re-identification network is trained for 500 epochs using Adam
optimizer with a learning rate of 1e—4. During inference, the final dense
layer of the MSFFT is used to extract the feature for computing mAP and
rank-k accuracy. A k-reciprocal re-ranking [72] mechanism is adopted
to refine the initial ranking results of the re-identification network for a
given query in order to optimize its performance. From Table 3 it can
be seen that MSFFT trained using a supervised approach yields a re-
identification score of 23.09% which is significantly less as compared
with MSFFT with two-stage training approaches.

In self-supervised approaches, the image is enhanced to make the
model invariant to semantic transformation. Self-supervised models are
less invariant for handling inputs that have undergone heavy trans-
formations for downstream tasks. Commonly used data augmentation
techniques are flipping images, rotation of images at different angles,
random resize crop, image blurring, etc. However, certain augmenta-
tion techniques, such as flipping and rotation, may change the semantic
information. Rather than flipping and rotating the vehicle images ob-
served through various cameras and UAV, the batches of input vehicle
images to the network are considered to be transformed versions of
one another. Along with this, other augmentations such as bright-
ness, contrast, saturation, and hue are applied with the strength of
[0.4,0.4,0.4,0.1] along with random resized cropping of scale 0.2 and
0.1 respectively. These set of data augmentation parameters are kept
common to train MSFFT in a self-supervised manner as a part of a
two-stage approach for vehicle re-identification.
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Fig. 7. Variation in Histogram difference for videos of CCTVs and UAV.
Table 3
Comparison with state-of-the art re-identification frameworks on MCU-VReID.
Method Training strategy mAP rank-1 rank-5 rank-10 rank-20
Single-stage Training: Supervised Learning (SL), Unsupervised Learning (USL) and Self-Supervised Learning (SSL)
PCB-4 [23] SL 16.3 36.4 38.62 38.62 43.2
PCB-6 [23] SL 17.5 29.5 36.4 43.2 47.7
OSNet [24] SL 21.4 36.4 45 47.7 52.3
ICE [25] USL 18.71 38.6 43.18 50 50
PPLR [26] USL 18.8 34.1 43.2 47.7 50
Nformer [27] SL 18.2 31.8 40.9 52.3 56.8
PAT [28] SL 20.74 31.8 40.9 47.7 52.3
AdaSP [35] SL 21.1 40.91 45.45 50 52.27
ResNet-50 [31] SL 18.4 27.3 40.9 44.2 50
ResNet-50 [31] SSL (SimSiam [67]) 20.8 28.8 43.25 47.7 50
ResNet-50 [31] SSL (NNCLR [68]) 21.9 36.36 45.45 48.6 52.2
TransRelD [32] SL 26.86 38.36 40.5 55.6 60.34
TransReID [32] SSL (SimSiam [67]) 24.26 28.8 42.4 47.7 56.26
TransReID [32] SSL (NNCLR [68]) 25.4 32.4 47.2 52.27 58.4
MSFFT (Proposed) SL 23.09 36.36 45.45 50.09 63.36
MSFFT (Proposed) SSL (SimSiam [67]) 25.42 30.2 47.7 52.3 66.4
MSFFT (Proposed) SSL (NNCLR [68]) 26.26 38.36 45.45 50 62.4
Two-stage Training: Self-Supervised Learning (SSL) + Supervised Learning (SL)
ResNet-50 [31] SSL (SimSiam [67]) + SL 22 31.81 45.45 47.72 54.54
ResNet-50 [31] SSL (NNCLR [68]) + SL 24.76 38.36 50 52.27 54.54
TransReID [32] SSL (SimSiam [67]) + SL 27.1 34.4 45.45 52.2 60.4
TransReID [32] SSL (NNCLR [68]) + SL 28.4 36.36 47.42 50 60.4
MSFFT (Proposed) SSL (SimSiam [67]) + SL 25.49 31.81 50 54.54 68.18
MSFFT (Proposed) SSL (NNCLR [68]) + SL 29.76 40.9 45.45 50 63.63
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4.3. Implementation of MSFFT with two-stage training

To re-identify vehicles observed across cross platform surveillance
systems, the underlying re-identification network must be robust
enough to re-identify vehicles captured by two contrasting surveil-
lance systems. MSFFT is trained with a two-stage training approach,
where the network is made to learn different transformations using
self-supervised approaches with SimSiam and NNCLR. Further, the
re-identification is performed in a supervised approach for vehicle
re-identification. The implementation details of both approaches for
two-stage training are given below.

Two-stage training: SimSiam+Triplet Loss:

The MSFFT network identifies the semantic aspects of vehicles from
different perspectives with a SimSiam approach. The network utilizes
the training images without any labels from MCU-VReID, where the
batches of identical vehicles from two different surveillance systems
are fed to the encoder network separately. The network is trained for
200 epochs using SGD optimizer with a learning rate of le—4 and
momentum of 0.6. Negative cosine similarity is used as a loss function,
which aims to maximize the similarity of identical vehicles observed
across cross platform surveillance systems. The learned weights are
further applied to perform vehicle re-identification following the same
principle that is used to train baseline MSFFT. For supervised training,
weights of the final level of the multi-scale feature module of MSFFT
and the deeper dense layers are finetuned. The same training images
are used with labels for training the network with triplet loss. From
Table 3 it can be seen that MSFFT re-identification with SimSiam self-
supervised approach achieves an mAP of 25.49% that is significantly
higher than the supervised approach of re-identification with MSFFT.

The base implementation of SimSiam with ResNet-50 backbone is
also modeled to perform re-identification. A pre-trained ResNet-50 with
ImageNet weights is used as a backbone encoder network. The ResNet-
50 comprises five residual layers with skip connections. The feature
map of the last residual block is pooled and fed to the final fully
connected layers for performing any vision task. For self-supervised
learning, the last residual block is fine-tuned, and a similar approach
to that of MSFFT is adopted to train the network. The self-supervised
approach is then applied to train the re-identification network. During
inference, an mAP of 22.0% is achieved.

Two-stage training: NNCLR+Triplet Loss:

In a similar manner to SimSiam self-supervised MSFFT re-identifi-
cation, the training images of MCU-VRelD are selected to train MSFFT
with NNCLR. Here the labeled identical vehicles observed across differ-
ent CCTV cameras are fed into the encoder (MSFFT). The support set
contains batches of unlabeled identical vehicles observed by UAV. The
support set is a queue updated at every iteration of the training step.
The support set size is experimentally set to 50. For a given embedding
of an encoder of a particular CCTV view, its nearest neighbor from the
support set is retrieved, and InfoNCE loss is calculated. The network
is trained for 200 epochs with Adam optimizer at a learning rate of
le—4. The learned encoder network is used to train the re-identification
network by finetuning the final layers of MSFFT. From Table 3 the
mAP for MSFFT with NNCLR approach yields an mAP score of 29.76%,
which is significantly higher than other re-identification models. The
NNCLR approach is also explored by using ResNet-50 as the backbone
encoder network, similar to the SimSiam experiment of performing re-
identification. The inference of re-identification yields an overall mAP
of 24.76%. The increase in mAP highlights the robustness of MSFFT for
re-identifying vehicles across multiple scales over ResNet-50 for cross
platform vehicle re-identification.

4.4. Experiments with state-of-the-art re-identification networks

The performance of the proposed vehicle re-identification frame-
work is validated against the state-of-the-art re-identification methods.
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a b o c

Fig. 8. Comparison between the generated heatmap for MSFFT using SimSiam and
NNCLR approaches. For each example (a), the Heatmap obtained using SimSiam (b)
and NNCLR (c).

As discussed in Section 3.1, the existing vehicle re-identification meth-
ods utilize extra supplement information of vehicles to carry out re-
identification. The developed MCU-VRelD dataset does not provide this
information apart from the vehicle and camera identity. In contrast, the
person re-identification methods utilize very little supplementary infor-
mation to perform re-identification. Different person re-identification
also shares the same principle to perform re-identification. Hence in
this work, the proposed vehicle re-identification framework is com-
pared with the state-of-the-art person re-identification (Section 2.2.1)
and a transformer-based object re-identification method (Section 2.2.2)
with little supplementary information of vehicles. Note that to the best
of our knowledge, there is no existing work on vehicle re-identification
using two different surveillance platforms (CCTV and UAV).

The developed dataset experiments with PCB [23], which produces
the convolutional feature descriptors that represent part-level features.
The PCB network is trained for two different values of ‘P’, i.e., P
= 4 and P = 6, that define the number of uniform partitions to be
performed on the convolutional feature descriptor. As a backbone
network, PCB makes use of the standard ResNet-50, which is initial-
ized with ImageNet weights. The network is trained using triplet loss
by concatenating the feature descriptor of each part across the total
number of convolutional channels. The network is trained with an SGD
optimizer for a learning rate of 0.001 and weight decay of 5e—4 for 5K
iterations. For each of the experiments, i.e., PCB-4 and PCB-6, the re-
identification scores are computed with an mAP of 16.3% and 17.5%,
respectively. It can be seen from Table 3 that the performance of PCB
re-identification is significantly lower than the proposed framework for
vehicle re-identification.
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Fig. 10. The retrieval of the top 10 identical vehicles for a given query. At each row, the first image is the query for which the top-10 identical vehicles observed across CCTVs and
UAV are retrieved. A retrieved identical vehicle with a green border is a positive match, and a vehicle with a red border indicates a vehicle that has been incorrectly re-identified.

Table 4

mAP and rank-k accuracy for individual surveillance platform vehicle images of MCU-VRelD.
Method Surveillance platform Approach mAP rank-1 rank-5 rank-10 rank-20
MSFFT (Proposed) CCTV SL 26.03 38.8 50 55.5 77.7
MSFFT (Proposed) UAV SL 23.1 34.09 45.45 50 56.81
MSFFT (Proposed) CCTV SSL (NNCLR [68]) + SL 26.46 44.4 50 55.5 61.1
MSFFT (Proposed) UAV SSL (NNCLR [68]) + SL 23.22 45.45 50 63.63 63.63

For TransReID [32] vehicle re-identification on the MCU-VReID
dataset, a pre-trained ViT-B/16 with a step size of 16 is chosen as
a backbone feature extractor network. The pretrained TransRelID uses
camera and viewpoint information from VeRI-776 for re-identification.
To evaluate the performance of MCU-VReID the network is finetuned
for the final layers of ViT-B. The network is trained using an SGD
optimizer with a weight decay of 1e—4. The base learning rate of 0.008
is chosen to train the network for 500 epochs. From Table 3 it can
be observed that an mAP of 26.86% is achieved for the MCU-VReID
dataset.

The developed MCU-VRelD dataset is also evaluated with recent
frameworks for re-identification namely ICE [13], NFormer [15], PPLR
[14] PAT [16] and AdaSP [17]. From the Table 3 it can be seen that
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these frameworks for vehicle re-identification yields a low mAP when
compared to the proposed approach. Section 5 provides an explanation
on the performance of each experiments presented in Table 3.

Fig. 8 shows the generated heatmap for using the re-identification
net with SimSiam and NNCLR approach. With both techniques, the
network is able to locate key points on the vehicle. Compared to
SimSiam, MSFFT trained with NNCLR is more likely to localize more
keypoints. Fig. 9 illustrates the heatmap obtained for identical vehicles
using MSFFT re-identification net with NNCLR approach. With the
vehicles observed at different cameras, the model is able to locate
keypoints of the vehicle irrespective of dynamic perspectives and scale.
CCTV and UAV views should share overlapping information on vehicle
keypoints, so that similarity can be estimated between the two views.
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Fig. 10 shows the top-10 identical vehicles retrieved from the gallery
for each query example. Even with severe appearance changes of
vehicles, MSFFT trained with NNCLR can find the most similar vehicle
similar to the given query in the top-10 list. Examples (b) and (c) in
Fig. 10 contain a query vehicle identity observed by UAV, and the
top-10 retrieved vehicle images from the gallery correspond to vehicle
identities observed by CCTV cameras. This is due to the objective
of conducting inter-camera re-identification rather than intra-camera
re-identification.

The Table 4 presents the re-identification scores for MCU-VReID
when considering the vehicle images observed from standalone CCTVs
and UAV surveillance cameras. Two experiments are conducted with
vehicle images belonging to individual surveillance systems. An mAP
of 26.03% and 23.1% is achieved for CCTV and UAV vehicle re-
identification. Two-stage training is also adopted for platform specific
vehicle images where an mAP of 26.46% and 23.22% is achieved for
re-identifying vehicles from CCTVs and UAV platforms respectively.

5. Discussion

This section presents a discussion of MCU-VRelID’s performance on
the existing and the developed re-identification model.

MCU-VReID when evaluated on the existing re-identification mod-
els, the performance was found to be significantly poor. PCBNet, de-
signed for person re-identification, focuses on prominent parts of the
person’s body by stripping the convolutional features to ‘p’ horizontal
strips. The location of parts of a person, when observed from differ-
ent perspectives, ensures that positional information remains intact.
For vehicle re-identification, the semantic information of vehicles dif-
fers significantly. Additionally, cross platform vehicle re-identification
contains vehicle data from aerial and side perspectives, which can
mislead in justifying exact parts information while stripping convolu-
tional features. OSNet addresses the scale invariance issues associated
with objects observed on arbitrarily large scales. However, MCU-VReID
contains the vehicle observed from two contrasting views taken by UAV
and CCTV.

Vehicle re-identification using ICE [25] relies on an unsupervised
training strategy for generating pseudo-labels for vehicle instances.
Due to the significant change in the distribution of vehicle instances
observed by two contrasting surveillance systems, ICE attains a lower
re-identification score of 18.71%.

Vehicle re-identification using the PPLR [26] approach yielded a
mAP of 18.8%. PPLR attempts to learn semantic information by un-
derstanding the complementary relationships between global and local
part features. Since PPLR assumes that the data distribution of entity
instances belongs to the same distribution, modeling the cross-view-
based vehicle re-identification resulted in generating indistinct pseudo
labels.

Re-identification of vehicles using NFormer [27] yielded a mAP of
18.2% which is significantly lower than the proposed approach. Re-
identification using the NFormer approach relies on learning a robust
global representation of vehicles by modeling the interaction of vehicle
instances using a relation map. NFormer approach is expensive in
computation as it models these interactions with every vehicle instance
appearing in a mini-batch. Further due to drastic changes in vehicle
dimension, appearance, and viewpoint the NFormer based approach
for re-identifying vehicles is highly prone to isolate certain instances
as outliers.

Vehicle re-identification using PAT [28] attained poor re-identifica-
tion yielding a mAP of 20.74%. In PAT the backbone feature ex-
tractor follows a similar approach to PCBNet for learning semantic
local features by using three tokens for understanding the structure
of person geometry. However, for vehicle re-identification where there
is a significant change in viewpoints and appearance, the PAT using
these patch tokens fails to understand the semantic structure of vehicles
resulting in poor re-identification.
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Using Adaptive Sparse Pairwise Loss (AdaSP) [35] for vehicle re-
identification achieved a mAP of 21.1%. Since AdaSP online mines the
top-k similar positive vehicle instance pairs, it fails to sample adequate
positive pairs of vehicle instances that have significant viewpoint and
appearance changes.

Transformer-based re-identification using the TransReID approach
produced comparable results to PCBNet and OSNet. Through the use
of ViT-B/16 as a feature extractor, TransReID can learn more local
features of vehicles without losing any information than with CNN-
based approaches. However, it applies a fixed patch size across blocks
of multi-head attention to computing attention scores. TransRelD also
uses learnable parameters to learn the embeddings for viewpoints
and camera information which requires an indirect way of aiding re-
identification by providing additional annotations. TransReID yields
better re-identification accuracy of 26.86% as compared to the baseline
MSFFT with a re-identification accuracy of 23.09%. To evaluate Tran-
sReID on the developed dataset, a pre-trained model of ViT-B/16 [34]
is chosen. The model was initially trained on VeRi-776 [19] that
utilized additional viewpoint information to compute Side Informa-
tion Embeddings (SIE). The VeRi-776 [19] provides additional sup-
plemental information regarding the viewpoint labels for enhancing
the training of re-identification. However, in the present study, ve-
hicle re-identification is performed across a network of CCTVs and
UAV with no additional supplementary information. In comparison
to VeRi-776 dataset, the present study contains vehicles observed by
both CCTVs and UAV that exhibit significant viewpoint changes and
scale. Providing/Annotating these vehicles with viewpoint information
is challenging as the semantic information poses confounding situ-
ations which may lead to inaccurate labeling. To validate whether
the inclusion of the extra supplemental information have aided the
performance of TransReID over MSFFT in supervised training, the
TransRelD is modeled to train with self-supervised learning and two-
stage training approaches. From Table 3 it can be seen that TransReID
trained with two-stage training approach with SimSiam and NNCLR
results in a re-identification score of 27.1% and 28.4% respectively
which lower than the proposed framework for re-identification. For the
experiment the TransReID with feature extractor ViT-B/16 is trained
with MCU-VReID without any labels at first stage to learn the semantic
perturbations of vehicles (SSL Training) and further fine-tuned for re-
identification in a supervised approach using vehicle labels. It can be
inferred from Table 3 that for single-stage training the ResNet-50 and
the proposed method using self-supervised learning performs better
than supervised learning. On contrary TransReID with supervised learn-
ing yielded a higher mAP than self-supervised learning. By training
the MSFFT which includes the multi-scale feature extractor modules
using a self-supervised approach, it is able to learn the various semantic
information of vehicles required for cross platform re-identification.
Hence, the proposed feature extractor framework designed to learn the
transformation using two-stage training performs better than TransRelD
for cross platform vehicle re-identification. This validates the observa-
tion in considering the additional learnable parameters by TransReID
resulted in obtaining a better mAP than MSFFT in supervised training.
In Section 6, an analysis of the effectiveness of MSFFT over Tran-
sRelD is presented while re-identifying the vehicles across challenging
scenarios.

The developed vehicle re-identification framework is also evalu-
ated for surveillance platform-specific vehicle images. From Table 4,
two re-identification experiments are performed using MSFFT in a
supervised approach. During each of these experiments, the MSFFT
is trained and evaluated on vehicle images from MCU-VReID corre-
sponding to each surveillance platform. It can be observed that the
performance of vehicle re-identification in both standalone surveillance
modes (26.03% mAP for CCTV and 23.1% for UAV) is lower than
vehicle re-identification experiment (mAP of 29.76%) that is trained
and tested with vehicle images acquired by both surveillance platform.
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For each of the individual vehicle re-identification experiments pre-
sented in Table 4, the re-identification framework is trained using a
subset of vehicle images from the MCU-VReID dataset that is specific
to either CCTVs or UAV. This leads to fewer vehicle instances of an
identical vehicle that is needed when training the network with triplet
loss. To train the re-identification network, triplet loss requires more
‘K’ vehicle instances for each ‘P’ vehicle identity. In training the re-
identification framework, especially for CCTV surveillance platform,
the network will learn fewer features about a vehicle’s identity if fewer
images of the same vehicle are observed across other cameras. To
evaluate the performance of CCTV re-identification, for every query
image observed at a particular camera, the priority is to find/rank
similar vehicles observed across the rest of the cameras. This is to
encourage cross-camera re-identification. During UAV re-identification
experiments (Table 4), vehicle images related to UAV are used to
train the re-identification framework. However, compared to vehicle
re-identification with CCTV cameras, the re-identification framework is
evaluated for batches of vehicle images acquired by UAV. Thus, when
considering a framework for a query vehicle image captured by UAV,
the objective is to identify similar vehicle instances captured by the
UAV when traversed at different locations.

It may be noted that from Table 3 that the performance of cross plat-
form vehicle re-identification with MSFFT using a supervised approach
with an mAP of 23.09% is significantly less than the experiments that
are trained and evaluated on platform-specific vehicle images from
MCU-VReID (Table 4). cross platform vehicle re-identification using
MSFFT is trained on batches of images that comprise vehicle images
seen in two contrasting views (CCTVs & UAV). These images, when
trained with a supervised approach, fail to generalize the representation
of vehicles observed across two different views. In contrast, the network
that is trained with platform-specific vehicle images for experiments
conducted in Table 4 can generalize the representation of vehicles as
they are trained and evaluated with platform-specific vehicle images
of MCU-VRelID. This study assumes that the vehicles observed by two
contrasting surveillance systems have two distinct feature spaces for
vehicle images seen by CCTVs and UAV. Thus the two-stage training
is also used to train the network with platform specific vehicle images.
As the training stage inputs batches of platform specific vehicle images,
additional data augmentation in the form of horizontal and vertical
flipping is applied. Data augmentation is applied to self-supervised
learning to examine whether the performance of re-identification in-
creases. It can be noted from Table 4 the re-identification accuracy
increases slightly by 26.46% and 23.33% for CCTV and UAV vehicle
re-identification.

Therefore, for cross platform vehicle re-identification, a self-supervi-
sed approach is necessary to discover the similarities between the
two contrasting feature spaces before performing re-identification in a
supervised manner. This can be seen from Table 3 that training the net-
work initially in a self-supervised way and further utilizing it to perform
re-identification in a supervised manner yields a better re-identification
score of mAP of 29.76% that is higher than the re-identification scores
for the experiments tabulated in Table 4.

All the above approaches are trained using supervised approaches
with triplet loss. In existing vehicle re-identification methods, vehicle
images are acquired by standalone surveillance systems (CCTV/UAV).
Hence, with a supervised approach to re-identification, this study as-
sumes that the vehicle images observed by either CCTV or UAV have
their own representative feature space. Training the network in a
supervised approach for two contrasting views of a vehicle for re-
identification may yield a poor score. This is evident for the baseline
MSFFT where a re-identification score of 23.09% is obtained, signifi-
cantly less than the method learned using a self-supervised approach
with further supervised learning using triplet loss. Rather than training
the model initially with a mixture of vehicle images from two contrast-
ing surveillance systems, the re-identification framework is exposed
to learn the features of vehicles appearing in two contrasting views.
Further, using these learned representations, the network is fine-tuned
slightly to perform re-identification in a supervised approach.
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6. Ablation study

To analyze the effectiveness of the proposed method the study
conducted extensive experiments for comparison with state-of-the art
re-identification frameworks. In Section 6.1, the performance of these
re-identification frameworks is validated on the developed dataset with
two different training strategies namely single-stage and two-stage
training. Further in Section 6.2 the study highlights the significance
of multi-level feature concatenation of MSFFT for re-identifying the ve-
hicles appearing in cross-platform surveillance systems. The study also
presents an analysis of how the concatenated feature of MSFFT feature
extractor is beneficial for cross platform vehicle re-identification. Fi-
nally, the study showcases how MSFFT performs better than TransReID
in challenging conditions for querying vehicles in certain scenarios.

6.1. Effectiveness of two-stage training strategy over single-stage training on
MCU-VReID

The study analyzes the necessity of adopting the two-stage training
for re-identifying the vehicles as seen by cross platform surveillances
systems. It can be observed from Table 3 that the performance of
re-identification methods is categorized under two different training
strategies. For single-stage training approaches, the re-identification
learns the vehicle features using supervised learning, unsupervised
learning and Self-supervised learning. Frameworks that are modeled to
train either with supervised and unsupervised learning yields a lower
mAP re-identification scores than Self-supervised learning. Supervised
learning mines the batches of vehicle instances to train the model
for distinguishing the positive and negative class of identical vehicles.
However, these vehicles observed by two different surveillance systems,
exhibit severe appearance changes making the training process less
effective for learning semantic information of vehicles. The frameworks
presented in Table 3 which are modeled to train using unsupervised ap-
proaches generates pseudo-labels or instance-contrastive loss for learn-
ing the semantic features of vehicles. It can be observed from Table 3
that the performance of the re-identification models using unsupervised
approach is comparable with supervised learning. Re-identification
models that are trained using self-supervised approaches namely Sim-
Siam and NNCLR yields a better re-identification scores than super-
vised/unsupervised approaches. Models that are trained using these
approaches learns semantic perturbations of vehicles by mining camera
specific (UAV/CCTV) vehicle instances or determining the nearest-
neighbors of each other for estimating the similarities. Thus models
trained using these approaches are able to learn two semantically
different vehicle distributions effectively.

Since single-stage training approach using self-supervised learn-
ing results in a better re-identification accuracy, this study adopts
self-supervised strategy to learn the semantic transformations of vehi-
cles seen observed across cross-platform surveillance systems. It can
be seen that the re-identification frameworks when evaluated using
two-stage training approaches yields a better re-identification scores
over single-stage training. This validates the assumption made in the
study that vehicles observed by the cross-platform surveillance cameras
having significant viewpoint, appearance changes as they belong to
different distribution of information. Thus for cross-platform based
vehicle re-identification with minimal labeling and information about
vehicle instances it is appropriate to consider two-stage training for
re-identification of vehicles.

6.2. Effectiveness of MSFFT for cross-platform based vehicle re-identifica-
tion

To evaluate the effectiveness of MSFFT for cross-platform based ve-
hicle re-identification, two challenging scenarios of vehicle appearance
is considered. Scenario 1 (Example (a) of Fig. 11) contains two identical
vehicles with minimal overlapping parts/significant viewpoint changes
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MSFFT Scale-1

MSFFT Scale-2 MSFFT Scale-3

Fig. 11. Visualization of heatmaps generated by Grad-CAM [73] for two identical
queries as seen by UAV and CCTV. The generated heatmaps are obtained from the
final transformer layers at each level of MSFFT.

and Scenario 2 (Example (b) of Fig. 11) with subtle changes in the
background and vehicle information.

The proposed feature extractor for cross-view-based vehicle re-
identification learns vehicle features at three different levels. At each of
these levels, the convolution operation that shares the design principles
of inception layers aims to learn the semantic features of vehicles
at different spatial locations with different kernel sizes. The learned
representation or feature vector is further guided by transformer en-
coders to learn the semantic relationships of the vehicle parts by
computing the attention score for a patch with the remaining patches
of the feature map. As the convolution layers pay more importance to
understanding the vehicle parts, the feature map generated by these
layers only contains the learned representations of vehicle attributes.
The transformer at each level encoder utilizes these feature maps where
the patches containing vehicle parts or attributes have significant scores
over others. At each level, the transformer encoder learns the semantic
relationships of the vehicle features at different patch sizes owing to
it learning more discriminative features of vehicles. Fig. 11 shows
heatmaps generated by MSFFT at three different scales. In scenario 1
(Fig. 11), for the identical vehicles observed by both the platforms the
feature extractor is able to learn the semantic information of vehicles
that has a minimum overlap of vehicle parts. At the initial level, due
to the larger patch size (P = 16 for Scale 1), the network aims to
learn a more semantic representation of vehicles (vehicle roof, doors in
Fig. 11). Further down the network with a decrease in patch sizes, the
network aims to pay attention/give importance to local parts of vehicles
(wheels of vehicles, side mirrors, headlights, etc. in Fig. 11). Utiliz-
ing the concatenated features learned from three different scales aids
MSFFT with rich information of vehicles for better re-identification.
For the identical vehicle pairs in scenario 2 (Fig. 11), at deeper level
of MSFFT the network is able to pay less attention for background
noise and focuses more on vehicle parts. The traditional vehicle re-
identification approach would fail to recognize the vehicle due to
the severe transformation between the two views. In contrast, the
proposed framework MSFFT with two-stage training models the trans-
formation between the two views and incorporates vehicle features at
different spatial locations, and understands their semantic relationships
through transformer encoder layers. Thus the features calculated at
different levels effectively aid MSFFT for better cross platform vehicle
re-identification.

6.3. Qualitative analysis of MSFFT and TransReID on MCU-VReID

A qualitative analysis is performed to evaluate the effectiveness of
TransReID and MSFFT on MCU-VReID. For both the frameworks the
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two-stage training (SS1 (NNCLR) + SL) approach resulted in a better re-
identification than the rest. Hence the effectiveness of both TransReID
and MSFFT is evaluated qualitatively using these experiments for re-
identifying vehicles under complex situations. Fig. 12 presents two
scenarios for re-identifying a query vehicles seen across cross platform
surveillance systems. In the Fig. 12 for two query identities, using
both TransReID and MSFFT a top-5 vehicles are retrieved from the
gallery and their corresponding heatmaps using Grad-CAM [73] are
generated. It can be observed that for the first query identical that
shares a similar appearance with the background, both TransReID and
MSFFT are able to get the candidate query vehicle instances in the top-
5 retrieved information. However, for the top-5 retrieved information
corresponding to TransRelD, it can be observed that there is no vehicle
instance of the query seen by CCTVs. It appears that TransReID prefers
the top-5 retrieved image for a query from the same platform, as such
a query image from CCTV will result in top-5 images of CCTV only.

For the generated heatmap using Grad-CAM [73] in Fig. 12, for a
positive match of the query vehicle (Query 1 Fig. 12) in top-5, Tran-
sRelD is not able to generalize the features of vehicles effectively from
its background. On the contrary, the MSFFT can distinguish these subtle
appearance changes and hence it is effective at paying importance to
vehicle attributes. Addressing the second scenario where for a given
query vehicle identity the TransReID framework for re-identification
can retrieve a single surveillance camera specific (CCTV) vehicle in-
stance from the gallery. Given a CCTV view of the query vehicle (Query
2 Fig. 12), TransRelD is able to pay a marginal importance to a small
overlapping portion of the positive match of the query. TransRelD
pays significant importance to the global appearance of vehicles with
less attention to the local parts. This is due to the backbone feature
extractor ViT-B/16 of TransRelD that provides a feature representation
of vehicles at a single scale. While MSFFT can retrieve those instances
of query identity observed by both surveillance systems even with min-
imal overlap of vehicle parts. This presents an additional disadvantage
for TransRelID performance on MCU-VRelID that when there is a lesser
overlap of vehicle information due to significant viewpoint changes.
On the other hand, MSFFT can pay importance to local contextual
information about vehicles when there is a minimum overlap of vehicle
information to estimate similarity. Based on the observations that were
inferred from the experiments, the TransReID performs poorly in these
scenarios (a): for a given query if it contains corresponding vehicle
instances in the gallery with limited part overlap information. (b) the
query and corresponding vehicle instances have similar appearance
features with background.

Although the proposed re-identification framework outperforms the
state-of-the-art re-identification methods, the re-identification is signif-
icantly less. This is due to the various challenges that are observed in
the MCU-VRelD dataset. Fig. 13 illustrates some of these scenarios. In
Fig. 13, each row consists of vehicle identities observed across both
UAV and CCTVs. For example (a) of Fig. 13, the vehicle has a dual-
color, which makes re-identification challenging by both UAVs in aerial
view and side views as seen from surveillance cameras. During data
acquisition, there were scenarios in which the UAV was held still in the
air that captured largely the aerial view of the car. This limits an in-
ference of any additional parts information to perform re-identification
with vehicles observed at different viewpoints by surveillance cameras.
In the second example (b) from Fig. 13 i.e., pickup constitutes multiple
colors and appearances, making re-identification difficult. In the last
two examples (c) and (d) from Fig. 13, it can be observed that the
vehicles that are acquired by UAV are of different scales that make the
re-identification network just infer global features of the vehicle (color,
edges). Owing to recording vehicles by UAV which should be seen in
surveillance cameras, in specific scenarios, due to a non-uniform flight
speed in some frames, the vehicle appeared to be blurry (First image
in example (d)). Due to this, the re-identification becomes challenging
and results in fewer scores.
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TransRelD MSFFT

Fig. 12. Evaluating the effectiveness of TransReID with the proposed MSFFT framework for two scenarios of query vehicle images. For each of the two framework the top-5
vehicle instances and their corresponding heatmaps obtained from Grad-CAM [73] are illustrated.

Fig. 13. Examples (a) and (b) illustrate the situation of a vehicle that has a subtle change in appearance and dimension changes. Example (c) shows a vehicle subjected to
illumination changes along with the additional background. Examples (d) showcase vehicles taken at a dynamic scale by UAV and due to the fast movement of UAV, it leads to
obtaining obscure vehicle images as shown in example (e).
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7. Conclusion

Vehicle re-identification is an essential aspect of ITS in traffic moni-
toring. Earlier, re-identification is carried out using standalone surveil-
lance systems such as CCTVs and UAVs. In this article, a novel vehicle
re-identification dataset is developed to re-identify the vehicles ob-
served across CCTVs and a UAV. The dataset comprises surveillance
footage acquired from 42 surveillance cameras and a UAV at different
locations on a gated university campus. For 51 identical vehicles ob-
served across CCTVs and UAV a finer annotation is provided. A novel
re-identification method is proposed to evaluate the developed dataset’s
performance. The proposed re-identification framework learns the se-
mantic attributes and structures of vehicles at different spatial locations
using inception layers and understands their semantic relationships by
integrating the semantic feature maps with transformer layers

The proposed approach employs a two-stage training strategy in
which the method is exposed to learn various semantic transforma-
tions through self-supervised learning methods. Using the knowledge
gained by training in a self-supervised learning approach, the frame-
work is finetuned to re-identify vehicles observed across cross plat-
form surveillance cameras using supervised learning. The study val-
idates the effectiveness of the proposed re-identification framework
and the necessity of two-stage training approach for cross platform
vehicle re-identification. When evaluated with the proposed dataset
with two-stage training approach, the developed framework achieves
an overall mAP of 29.76%, which is significantly higher than existing
re-identification methods.

Cross platform vehicle re-identification is very challenging. Vehicles
observed by two contrasting surveillance systems exhibit severe appear-
ance, scale, and perspective changes. To estimate a match for a vehicle
observed by CCTVs and UAV, a common overlap of vehicle information
would be beneficial. In the dataset, there are several instances when
vehicles viewed by surveillance cameras do not share common fea-
tures, making re-identification more difficult. The study can be further
explored by considering multiple aerial devices and CCTV cameras to
collect rich information about vehicles for re-identification.
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