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Person re-identification is to match pedestrians in
different cameras and has gained increasing attention for
its significant applications in areas such as video
surveillance. However, it remains a challenging problem
due to occlusion, background clutters, illumination
variations, and camera viewpoint changes. Duglex
We propose a duplex spatiotemporal filtering network I" e
(DSFN) to jointly extract static and dynamic

information from video sequences for person re-

identification. The network structure are shown in the I R
right figure.
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Spatial-Temporal Filter Groups
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To extract spatial and temporal information from video sequences,
we design novel filter groups. Compared with traditional filters, it = ]
has these advantages: ' == imm —m 0
+ Containing spatial and temporal dimension simultaneously =<
* Filter parameters are learned automatically other than fixed : ‘ ’
» Special sparse-orthogonal constrains are designed to enhance |

the performance of filter groups. | SEa e == | —ms [
The filtering procedure is shown in the right figure.
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Sparse-Orthogonal Loss Function

We turn sparse-orthogonal constrains into loss function to Orthogonal limitation between spatial filter groups:
actually realize the constrains. Here is an example picture of L H WW
filter groups: Lo = %) ZZ Z P(F;;,F; ;)
i=1 j=1 j'=1
Sparse limitation between temporal filter groups:
F, F, | - | Fir 1 AW W
Lp=52.2. > D Fiy)
i=1 j=1 /=1
F E,| - | E ]
- - il F . Sparse-Orthogonal Loss Function :
Ly =Lo—alLp
P, Fy, Fuw Loss Function of the whole training process:
. . . L=Lc+Lg+BLp
Results and Visualization
LPRI DZOl 1 3 MARS without stloss with stloss
Methods rank-1 rank-3 rank-20 Methods mAP rank-1 rank-5 rank-20 -
ATl e N e
MARS[23] 530 814 951 QAN[30] 517 737 849 916

SecForest[9] 79.4 044 003 RQEN[31] 711 778 888 943

QANI[30] 903 982 974 DRSA[10] 65.8 823 - - filter2

RQEN[31] 01.8 084 9.8 TriNet[22] 67.7 798 914 -
~ K-reciprocal[33]  68.5 73.9 - -

DRSA[10] -~ 932 . M3D[32 741 844 - 978

COSAM[7] 796 953 - snipp([el[]] 2] 761 863 947 982 filter3
M3D[32] 94.4 100.0 - COSAM[T] 79.9 849 955 980

snippet[12]  93.0 993 100.0 DSFN 795 866 958 978

DSFN 96.0 087 007 DSFN+Re-ranking 87.4 §7.8 949 978

2.iLIDS-VID Ablation experiment result

Methods rank-1 rank-5 rank-20
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TOL9] 563 876 983 Datwset | iLIDSVID | MARS The visualization of filter groups. After the spatio-temporal loss
Sfoald] 333 865 ov0  _Methoks | ramkl ks | mAP rankl function is added to the training, the value of more filters is limited
QAN[30] 68.0 868 97.4 Baseline 84.5 96.5 783 84.8 . . .. . .
ROENI3] 771 932 994 STF 851 963 | 789 857 to 0, which realizes the sparseness limitation of the loss function,
DRSA[10] 80.2 _ - STF+DR 85.9 96.6 | 79.4 86.3 . . . .

COSAMT] 79 953 _ STR«DR+FC | 877 97.0 | 795 866 so that different filter groups can focus on extracting different

M3D[32] 740 943 -
snippet[12] 854 967  99.5
DSFEN 87.7 97.0 99.6
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