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Appendix .1 The detail parameter configuration of the proposed method

Table 1 lists the detail parameter configuration of the proposed method. The channel numbers of Conv0, SDU1, SDU2,

SDU3, SDU4 and SDU5 are 64, 64, 128, 192, 256 and 320, respectively. The scope of Leaky ReLU layer of SDU5 is 0,

and that of the others are 0.15. The sub-window for Conv0 and SDU represents a filter size, and that for pooling layers

(i.e., MP1-MP5, HAP and VAP) means a pooling window size, and that for two spatial normalization (i.e., SN1 and SN2)

layers denotes a normalization window size. As shown in Table 1, Conv0 and five SDUs use 3 × 3 sized filters. Five max

pooling layers exploit 3×3 sized pooling windows, while HAP and VAP layers utilize 1×4 and 4×1 sized pooling windows,

respectively. Two spatial normalization layers (i.e., SN1 and SN2) utilize a 4 × 1 sized normalization window. Moreover,

only those strides on five MP layers are set as 2 pixels, and the remaining ones are set as 1 pixel.

Table 1 The parameter configuration of the proposed method.

Name Channels
Scope of

Leaky ReLU

Sub-window

(h× w)
Stride Output Size

Conv0 64 0.15 3 × 3 1 128 × 128 × 64

SDU1 64 0.15 3 × 3 1 128 × 128 × 64

MP1 64 - 3 × 3 2 64 × 64 × 64

SDU2 128 0.15 3 × 3 1 64 × 64 × 128

MP2 128 - 3 × 3 2 32 × 32 × 128

SDU3 192 0.15 3 × 3 1 32 × 32 × 192

MP3 192 - 3 × 3 2 16 × 16 × 192

SDU4 256 0.15 3 × 3 1 16 × 16 × 256

MP4 256 - 3 × 3 2 8 × 8 × 256

SDU5 320 0 3 × 3 1 8 × 8 × 320

MP5 320 - 3 × 3 2 4 × 4 × 320

HAP 320 - 1 × 4 1 4 × 1 × 320

VAP 320 - 4 × 1 1 1 × 4 × 320

SN1 320 - 4 × 1 1 4 × 1 × 320

SN2 320 - 4 × 1 1 4 × 1 × 320

CAT - - - - 4 × 1 × 640
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Appendix .2 Performance comparison

The performance comparisons among the proposed JHV-DLF and multiple state-of-art methods on VeRi database are

shown in Table 2. Firstly, it can be found that the proposed JHV-DLF method acquires the highest rank-1 identification

rate, 84.74%, among all the methods under comparison. Secondly, compared with three vehicle licence plate aided methods

(i.e., PROVID [1], NuFACT + Plate-SNN [1] and NuFACT + Plate-REC [1]), the proposed JHV-DLF method defeats

NuFACT + Plate-SNN [1] and Plate-REC [1] and is only slightly lower than PROVID [1] in MAP and rank-5 identification

rate. It should be pointed out that without the aid of vehicle licence plate, the NuFACT [1] method is obviously inferior to

the proposed JHV-DLF method.

Moreover, as shown in Figure 1, the proposed JHV-DLF defeats both H-DLF and V-DLF. Specifically, the MAP of

JHV-DLF is 2.62% and 3.03% higher than that of H-DLF and V-DLF, respectively. Moreover, the rank-1 identification

rate of JHV-DLF is 1.61% and 3.57% higher than that of H-DLF and V-DLF, respectively. This demonstrates that the

proposed JHV-DLF comprehensively describing vehicle in both horizontal and vertical directions is beneficial to improve

the robustness of camera viewpoint variations and so that the better performance is obtained.

Table 2 The performance (%) comparison of the proposed JHV-DLF and multiple state-of-the-art methods on VeRi [1].

Methods MAP Rank=1 Rank=5

JHV-DLF 53.02 84.74 93.15

PROVID [1] 53.42 81.56 95.11

NuFACT + Plate-SNN [1] 50.87 81.11 92.79

NuFACT + Plate-REC [1] 48.55 76.88 91.42

NuFACT [1] 48.47 76.76 91.42

LOMO [2] 9.64 25.33 46.48

BOW-SFIT [3] 1.51 1.91 4.53
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MAP=53.02, R1=84.74, R5=93.15, JHV-DLF
MAP=50.40, R1=83.13, R5=92.37, H-DLF
MAP=49.99, R1=81.17, R5=90.88, V-DLF

Figure 1 The performance (%) comparison of JHV-DLF, H-DFL and V-DFL on VeRi. R1 and R5 represent rank-1 and

rank-5 identification rates, respectively. Moreover, the features learned with the configurations that using HV-DFLM, only

using horizontal deep feature learning sub-module, only using vertical deep feature learning sub-module are denoted as

JHV-DLF, H-DLF and V-DLF, respectively.
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