Multi-level Deep Learning Vehicle Re-identification using Ranked-based Loss Functions
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Problem Definition

Vehicle Re-Identification (RelD) RelD as a retrieval task

Input
Output
Data Format

Given a query image of a
vehicle, numerous gallery images
are searched to find the same
vehicle captured by other cameras.

Identifying a vehicle as it transits
across different cameras with non-
overlapping fields of view.
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Experimental Results

Evaluation on 2 datasets RelD Evaluation Metrics

VeRi-776 (200 vehicles) mean Average Precision (mAP)
CityFlow-RelD (333 vehicles) Rank-k scores (R-1, R-5)
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Multi-Level embeddings

Extracting features from 3 different layers of ResNet50.
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Temporal Pooling

Video feature representation: the mean over the

Conclusio

A robust end-to-end vehicle RelD framework,
which is able to effectively identify vehicles
from both image and video data.

+6% mAP

Multi-Level Embeddings +9% Rank-1

Combination of features from different

Temporal Pooling +12% mAP

levels of the network allows stronger feature

At training phase: Applying the loss function to each
feature vector separately
At testing phase: Feature aggregation

feature vectors of all the individual frames in the video.
Similarity measuring: image-to-image, image-to-video
and video-to-video

representations to be obtained.

Temporal pooling provides robust video feature representations and extends our system to a
fully video-based approach for vehicle RelD.

Contact: Eleni Kamenou, PhD candidate, CSIT | e-mail: ekamenou0l@qub.ac.uk




