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Abstract: Objective Pedestrian re-identification is focused on multiview non-overlapping-derived problem of querying and

identifying the same identity pedestrian. However, such real-world application scenarios are challenged to some camera-
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relevant factors like 1) hardware, 2) shooting distance, 3) angle of view, 4) background clutters, and 5) occlusions. Cur-
rent surveillance camera-based images can be captured and it is still challenged for its low resolution (LR) as well. In real
scenes, pedestrian re-identification (re-id) methods are required to resolve multiple pedestrians-oriented heterogeneous
problem for low resolution image further. To deal with the mismatch problem between high resolution (HR) images and LR
images, conventional re-id methods are mainly concerned of the cross-resolution matching problem. It is essential to richer
mutual-benefited ability between low-resolution gallery images and query images. To improve the low-resolution pedestrian
matching performance, we develop a novel of gun-ball camera-based pedestrian re-identification benchmark dataset and a
low-resolution pedestrian re-identification benchmark model is designed as well. Method This data collection is acquired by
the gun and ball system, which is deployed at three intersections. To capture LR images, two of three cameras are placed at
each intersection, and the gun camera has a fixed direction and focal length. To obtain high-resolution images more, the
other ball camera can be used to tune the focal length and the direction of view according to the target pedestrian position.
And, a pedestrian re-identification dataset can be built and sampled by 200 pedestrians-identified categories (the same
pedestrian is captured and identified at different locations) , and a sample of 320 pedestrian-unidentified categories (pedes-
trians can be captured under a certain camera only). Each of these pedestrians-related images are all in related to the two
aspects of high resolution and low resolution. A pedestrian-identified image can be captured by at least 2 different gun-ball
cameras from different places, and a pedestrian-unidentified image can be captured by one gun-ball camera only and it is
required to be searched and matched across cameras further. Pedestrian-unidentified images are in relevance to both of LR &
HR as well. Some optimal factors are illustrated as mentioned below: 1) a richer and more diverse pedestrian dataset: the
gun-ball camera-based pedestrian re-identification dataset can be used to acquire various pedestrian images from intersec-
tions. 2) The pedestrian dynamics: each pedestrian image has its temporal information because the gun-ball camera-based
pedestrian dataset is captured and cropped from the video stream. Such temporal-based pedestrian images can be used for
video-related pedestrian re-identification as well. 3) Other potentials: some pedestrians-unidentified images can be focused
on, which can be used to study pedestrian re-identification algorithms in semi-supervised or unsupervised domains, as well
as the ground truth of identification systems. That is, given an unknown identity of a pedestrian, its identification system
can automatically detect the similar one in the surveillance screen or database. To strengthen the matching problem of LR
images of pedestrians, we consider 1) image super-resolution, 2) pedestrian-related feature learning, and 3) discrimination
as three key factors in our baseline. Specifically, to optimize each aspect of resolution, pedestrian feature-related learning
and discrimination, the baseline is involved of a super-resolution module, a pedestrian re-identification module, and a
pedestrian feature discriminator. Therefore, we design a baseline pedestrian re-identification model and it is benched on the
5 following aspects: generator G, image discriminator D, gradient discriminator D, pedestrian feature extractor F, and
pedestrian feature discriminator D. To resolve the problem of low-resolution pedestrian re-identification in real scenes, our
proposed model can be used to optimize both of the resolution of pedestrian image and pedestrian discrimination features.
Result The low-resolution pedestrian re-identification baseline model is demonstrated and experimentally validated on the
gun-ball pedestrian re-identification dataset. The mean average precision (mAP) and Rank-1 metrics are improved by
3.1% and 6.1%. Conclusion LR-related pedestrian recognition in natural scenes can be facilitated, and its pixel
misalignment-derived problem of low quality of generated super-resolved images can be resolved to a certain extent. The
dataset and benchmark model are proposed and its potential is in related to pedestrian re-identification and image super-
resolution. It provides a data source for the field of low-resolution pedestrian re-identification. Also, the proposed baseline
model can be predicted to tackle the low-resolution pedestrian matching problem further.

Key words: pedestrian re-identification ; benchmark dataset; low-resolution(LR) ; super-resolution(SR) ; discriminator
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Fig. 1 The gun-ball camera system
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dataset( (a)low resolution images; (b)high resolution images)
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Fig. 6 Ablation of low-resolution images in different ways
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Table 5 Comparison of experimental results of

different generator types

1%
ARARSEAL mAP Rank-1 ~ Rank-5  Rank-10
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