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Abstract: Vehicle re-identification (Re-ID) aims to identify a target vehicle from multiple non-overlap-
ping cameras. Vehicle Re-ID is a challenging work because it’s hard to distinguish vehicles of the same
model with similar appearance. Since the differences between these vehicles are concentrated in some
small local regions, a detail-aware discriminative feature learning model is proposed in this paper, based
on the assumption that features of network’s middle layer is helpful in extracting discriminative feature
representation of local regions. In the proposed model, a guided vehicle local feature extraction process
is designed, and the final feature representation of vehicle consist of the extracted local feature and the
global feature extracted by the backbone network. Extensive experiments over benchmark datasets Vehi-
clelD and VeRi have shown that the proposed methods could achieve superior performance than state-of-
the-art methods.
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Fig. 1 Detail-aware discriminative feature learning model
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Table 1  Network architecture of InceptionV3
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Table 5 Comparisons of our method with state—of—the-arts

on VechilelD dataset %o

Test800 Test1600 Test2400

Ak

rank]l rank5 rankl rank5 rankl rank$
DRDL 49.0 73.5 42.8 67.0 38.2 61.6

ABLN 52.6 80.5 — — — —

DHMVI 48.6 81.0 — — — —
JFSDL 54.8 85.3 48.3 78.8 41.3 70.6
VAMI 63.1 83.3 52.9 75.1 47.3 70.3
TAMR 66.0 79.7 62.9 76.8 59.7 73.9
AAVER 74.7 93.8 68.6 90.0 63.5 85.6
EALN 75.1 88.1 71.8 83.9 69.3 8l1.4

DDFL (Ours) 91.1 94.7 88.9 93.1 88.5 93.4
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