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Surveillance Video Re-Identification with Robustness to Occlusion
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Abstract: Traditional identification technologies require pre-recorded information from target personals, while failing to consider
any visual obstructions in the identification process, resulting in its unsatisfactory performance in surveillance-video-based re-
identification scenarios, especially for public spaces. Most existing person re-identification approaches examine appearance
features such as clothing and decoration, which are prone to change in time and space, and thus are unreliable for long-term
tracking. An effective and reliable approach for long-term re-identification is to utilize stable biometric features such as facial
features. However, with occlusion, low resolution, lack of illumination, and perspective gestures exhibited in surveillance videos,
traditional facial recognition methods that are excellent for image recognition cannot perform well. To address these issues, this
paper proposed a deep-learning-based face re-identification algorithm. The algorithm combined an attention mechanism with a
mask dictionary to dynamically and appropriately assign weights to video frame features, thereby reducing the effect of occlusion
and effectively improving the re-identification accuracy. Extensive experiments demonstrated that the proposed method was able to
achieve a rank-1 accuracy of up to 95. 2% on the cox dataset, and 73. 0% on the same dataset with synthetic occlusion. These
results comfirm the superior performance of the proposed algorithm compared to state-of-the-art re-identification algorithms.
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Fig. 1 Flow chart of face feature-based re-identification algorithm
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Tab. 1 Accuracy(%) with unobstructed faces in both gallery

set and probe set

Fik rank-1 rank-5 rank-10 rank-20 mAP
Baseline 61.3 746 79.9 844 677
Baseline+Avg 94.1 975 98.4 98.9 958
Baseline+MaxPool 942 97.9 98.5 989 959
Baseline+AvgPool 94.6  97.8 98.4 98.8  96.0
Baseline+TA 952 98.6 99.1 993  96.7
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Tab. 2 Accuracy(%) of gallery set with unobstructed faces

and probe set with obscured faces

DiRiS rank-1 rank-5 rank-10 rank-20 mAP

Baseline 25,5 433 51.8 63.1 345
Baseline+TA 589 78.1 84.8 89.7  67.8
Baseline+MD 292 480 56.2 65.3 38.4

Baseline+TA+MD  65.1 825 88.8 92.5 73.2

(3 XA TR 2 U O T SRR I, A
SCBEE T AR 257 B AER I 4 rank-1 B89 ERH
ISR UE T A TR A, 45 RNk 4 s . ]
VUGt Bl 25 57 B 09 1 A, DC T ) 7 1 3 B AT
A7 I IR 4 R 2 2 T AT DI JBE 4 P AR TR, XA~ AR
I AN 22 3 A VE TR VB JBE DR MR JBE T I o ko TR O R
Bt I JER AR AT VT BC IR 25 3 1R ) DI 4 AR, 1R
BRI iR A B AR (LB R 2 4 g (H AN 2=
AR HE R (E L IR 4 5 R B AT A a5 AR aE
PHI, 2 AR U A HE P T SRR Y Bl 22

3 W ERAE HRET AR A [ B A A G AR S O
#EHR (%)
Tab.3  Accuracy(%) in the presence of both occlusion and

non-occlusion for gallery set and probe set faces

Jrik rank-1 rank-5 rank-10 rank-20 mAP

Baseline 33.6 489 55.8 65.0 413
Baseline+TA 59.3 741 80.3 869 66.3
Baseline+MD 27.6 4438 54.1 63.5 364

Baseline+TA+MD 622 789 85.0 89.7  69.8

K4 AIEEFFBIE p X R rank- 1R R (%) B2
Tab. 4 The effect of feature discarding threshold to rank-1

accuracy(%)

I 0 005 0.15 025 035 045
EEREAERY 593 69.6 709 622 524 438
MWEAETCIHERY 589 63.8 650 651 593 533

4.2.3 4yXIBITEREREEIE

R T g A S LA R 3 s B () AR
Bl AP X IS 2, B MRHIE S 2, Bl
R R A ARL R 2 ), FRATTHE T 43 X I DE i
(SRM) 1 77 15 30 A A #5725 . T
I EE SR NZR S s, v UG H AR EE 23 X BRUC L 79 7
2] DL B AR A - A PO R IR 2% . FE
IR 2 2% 5 I B O | B 4 ™ A i T VA
HERA R = o X R T IRATAY VC B J7 A 7E AT 4
UEEHE P I, 2% B T RRE T R K 5 S R
25, JFRAME AR RS 2R AT T — IR HIWr . S & 5%
(B TR 3 0. 25 i, 43 XS VE e Jr v 38 2 T 73. 0% 1)
HERfR, 1N e 2 L RE IR B 62. 2%,
4.2.4 S5ZMFTEHIITLE

AR SC) T 15 5 AR G0 0 U 7 I A 45 4k
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K5 AR E TR A TR PRET R K [ 77 £
PAE AR R BT rank-1 HEH12(%)
Tab.5 Different discard thresholds u in gallery set, probe set
faces with both occlusion and non-occlusion case rank-1

accuracy(%)

M 0.05 0.15 025 035 045

Baseline+TA+MD 69.6 709 622 524 438
Baseline+TA+MD+SRM 69.3 72.1 730 66.6 61.0

PAE EEAT TR EG, AT B T LA 8 AR
SR I FHAH ) 1 254 45 CASIA-WebFace #17
TN, B ) 76 3 RS R B Bt 4 1 1EA 7 1 ik,
REERME 6w, Ho LFW & —AFrifE g A
G 0 3 35 o BB 4 L A 6000 XL RS . COX-
Masked A #R B 4R 55 im0 JER 42 [ B 7 7 B 14 5 R 4
T R B U B 4 . % COX 55 COX-Masked
BARAE  TRATAY 7 Bl T v 25 L £ ik
R4 BE N R AR 5 HC Al LA 2 0 336 BROAH ] 1) %1
F, IEXF A B A REAE ) SR BOAE , LA R B
AT HEAE o

K6 AFTTEEA AR L RHERR (%)

Tab. 6  Accuracy(%) of different methods on each dataset

RS LEW COX  COX-Masked
PDSN™! 99.00 94.1 66.5
CosFace™ 99.20 91.4 49.8
ArcFace™ 99.10 92.6 51.2
SphereFace™” 99.22 90.8 43.8
Baseline 99.00 94.1 55.3
Ours 99.00 95.2 73.0

ALV A SOMETE =AW 8 R 46 B2y
JEBL AL R PUNE R . 535k, BARTE LFW _EoRfE
EER 3R C SRS AR TR €/ TE SIS P 1]
S HH B E AP N A% G T ik RO MR R ORI T
K, AT 7 i MR BE DR T B AU R

5 #ig

RSP T — e T IR = > 9 AR R 3
5 DT IEIB I 45 5 TE R T HLH RS 7 i RS
32 H A 0 DXCIIE BE 7 12, B 1 FE RS 5 S 7 13U
Yy B 2E A RERT T AU N A R
AOMER R o 207 TR T T SRR AR AY- PRI 7

VA TCHEA AT AR (0 SR, JH3E e o T 02 44
PEATALEE B o 1 IR AT A P A PR R R
TEA MG COXE 1 Y52 ga 45 R WY, A SCHT
S 7712 T LSE o3 T 8 A R AR S THAR A Y
P T S A e, U T S B A T R A PR

AR SO T T P2 IR T AR AT Y R
Bl SEBRISE T A M R A B E 3 R B IR
S5 DO S X UM 308 B2 . R — 2, 31T
BTN A M S 28 25 2545 BB AT SEVETT AL, OF
He bR AE S T AR AR RS VEIC , LATE— 20 B e P
PUNER R
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