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Dataset Vizualizacia



zhoda rovnakého vozidla na snimkach z velkého datasetu
obrazkov (nasnimané pomocou dopravnych kamier)

rozne kamery, orientacie, ¢as, lokacie, oklUzie, nezaostrenost,
podobny tvar, model, farba, vyrobca...

pribuzné k téme reidentifikacie osob
vyuzitie v inteligentnych dopravnych systémoch (efektivnejsie
navrhovanie dopravnych sieti, vieme identifikovat auto v r6znych

bodoch mesta)

reidentifikacia vozidiel |= detekcia vozidiel



Dataset VeRI-776

= 50 000+ obrazkov

= 776 réznych vozidiel

= pasnimané pomocou 20 kamier

= rdzne pohlady, rozliSenia, svetelné podmienky, okluzie

= anotacie (Bbox, typ, farba, znacka)
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{relevant documents} N {retrieved documents}| recall — |{relevant documents} N {retrieved documents}|

recision =
] |{retrieved documents}| [{relevant documents}|

rel@k je funkcia relevancie, 1 ak rank@k je relevantny, 0 ak rank@Xk nie je relevantny
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Implementacia

= na arxiv.org publikované 08.02.2021

= podla paperswithcode 4te miesto v
ramci state of the art

= Resnet, DeiT, VIT backbone

= https://qgithub.com/damo-
cv/TransRelD

T'his ICCV paper is the Open Access version, provided by the Computer Vision Foundation.

Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore
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Abstract

Extracting robust feature representation is one of the
Icey challenges in object re-identification (RelD). Although
ion neural k (CNN)-based methods have
athzeved great success, they only process one local
neighborhood at a time and suffer from mfamxauon loss on

Figure 1: Grad-CAM [34] visualization of attention maps: (a)
Original images, (b) CNN-based methods, (c¢) CNN+attention

details caused by ¢ lution and d npling s
(e.g. pooling and strided convolution). To overcome
these limitations, we propose a pure transformer-based
object RelD framework named TransRelD. Specifically,
we first encode an image as a sequence of patches
and build a transformer-based strong baseline with a
few critical imp which achi titi
results on several RelD benchmarks with CNN based
methods. To further enhance the robust feature learning
in the context of transformers, two novel modules
are carefully designed. (i) The jigsaw patch module
(JPM) is proposed to rearrange the patch embeddings
via shift and patch shuffle operations which generates
robust features with improved discrimination ability and
more diversified coverage. (ii) The side information
beddings (SIE) is introduced to mitigate feature bias
towards camera/view variations by plugging in learnable
embeddings to incorporate these non-visual clues. To the
best of our knowledge, this is the first work to adopt a
pure transformer for RelD research. Experimental results
of TransRelD are superior promising, which achieve state-
of-the-art performance on both person and vehicle RelD
benchmarks. Code is available at https://github.
com/heshuting555/TransRelID.

1. Introduction

Object re-identification (ReID) aims to associate a
particular object across different scenes and camera views,
such as in the applications of person ReID and vehicle
RelD. Extracting robust and discriminative features is a
crucial component of RelD, and has been dominated by
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Figure 2: Visualization of output feature maps for 2 hard samples
with similar appearances. Transformer-based methods retain
backpack details on output feature maps in contrast to CNN-based
methods, as noted in red boxes. For better visualization, input
images are scaled to size 1024 x 512.

CNN-based methods for a long time [19, 37, 36, 44, 42,
5, 12, 13, 53, 15].

By reviewing CNN-based methods, we find two
important issues which are not well addressed in the field
of object RelD. (1) Exploiting the rich structural patterns
in a global scope is crucial for object RelID [54]. However,
CNN-based methods mainly focus on small discriminative
regions due to a Gaussian distribution of effective receptive
fields [29]. Recently, attention modules [54, 6, 3, 21, 1]
have been introduced to explore long-range dependencies
[45], but most of them are embedded in the deep layers and
do not solve the principle problem of CNN. Thus, attention-
based methods still prefer large continuous areas and are
hard to extract multiple diversified discriminative pans (see
Figure 1). (2) Fine-grained f¢ with detail infor
are also important. However, the downsampling operators
(e.g. pooling and strided convolution) of CNN reduce
spatial lution of output feature maps, which greatly
affect the discrimination ability to distinguish objects with
similar appearances [17, 27]. As shown in Figure 2, the
detaile of the hacknack are lnct in C'NNohacad featiire mane



https://github.com/damo-cv/TransReID

Natrénovanie TransRelD' s ViT backbone (kdd je
implementovany vo frameworku Pytorch)

RozSirenie o Swin Transformer backbone
Vizualizacia vysledkov a porovnanie
Google Cloud (NVIDIA Tesla T4 16GB)
TransRelD s ViT backbone — 120 epbch

TransRelD so Swin backbone — 120 ep6ch

linky na fork uvedeného repozitara s potrebnymi Upravami sa nachadzaju na webovej stranke o tejto diplomovej
praci



ViT backbone

predtrénovany na ImageNet -
21K

~ 42 hodin
~ 9752MiB GPU
MAP: 78.1%"* so SIE a JPM

Rank-1: 96.7%

*v publikacii 80.6% mAP, ale baseline 78.2% mAP

Swin backbone

predtrénovany na ImageNet-
22K

~ 27 hodin
~ 5636MiB GPU
MAP: 71.5%

Rank-1: 93.6%
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Vizualizacia

Swin backbone - uspesne




Vizualizacia

Swin backbone - neuspesné




Swin backbone - neuspesné
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