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Introduction Proposed pipeline for multi-camera vehicle tracking Results
1) Tracks: CityFlow dataset =~ ' ' Sl e e gl e — =", (d) Multi-camera identity matching Method IDFI | IDP | IDR
* Multi-camera Venhicle Tracking -~ Image-based RelD Tracklets . | Corjstrairjed | baseline 0.594 | 0.449 | 0.878
« Vehicle Re-identification 500° :| ---------------- ; : trajectories | basel?fne + Gy 0.605 | 0.459 | 0.890
<= Spatio-ten;poral information Vi__ " 088.. I : Two matChing deviation I o® End : baselz.ne T Gg +Gm . 0.630 | 0.477 | 0.926
2) Achievements: MTSC tfaCk“tljc’»ll' L MTSC tracking e 0P : : ...‘. ...05 : : Start f : Ablation study on CityFlow training set. (only trained on Veri776)
. - R |
 The proposed enhanced multi-granularity network with multiple (a) Detection and refinement = :: : : 0:. : MVT RelD
branches outperforms the current state-of-the-art vehicle RelD method | e Graph ': : : : : . . | Rank | Team ID | IDF | Rank | TeamID | mAP
by 16.3% on Veri7/76 dataset. \ N 1 Partitionin -IT Progressive Connection I Trajectories : 1 21 0.7059 1 59 0.8554
« We designed an offline pipeline for multi-camera vehicle tracking with our & :. | : : Matching | 2 49 0.6865 2 21 0.7917
annotated road boundaries. s C?mer.a I— 1'| Trajectories Refinement == in constrained | 3 12 0.6653 | 3 97 0.7589
»  Our algorithms are ranked the 10 and 23 in MVT and RelD tracks Calibration T L range | 10 52 1 02850 | 23 52 | 0.40%6
respectively at the NVIDIAAI City Challenge 2019. Annotated road boundaries | - J 22 | 45 00326 ] 84 | 135 | 00003
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(a) Detection and refinement (c) Trajectory generation and refinement

. . N A’ S e - T T T T T T T oo \ . .
1) Basic constraints: 1) Feature ( J Lo : . 2) Basic constraints: 1) Progressive connection: 2) Trajectory refinement:
Non-Maximum Suppression (NMS); extraction : | Lwe] ;¢ Kernighan-Lin graph partitioning
. . . . < . : 1 1 I I I | I
Bounding box area/height/width/aspect ratio; [ 1 » Feature correlation | trajectoryl é o0 | | G Ok | overlap |
The ratio of effective area (mask) ... — - ] »> Pixel-level motion correlation 0000 pw 2 : v .‘.."“l 'Y X
« L= - H . ] 4 s
| _ g Fec i <o fe_id_256 1.0 N pury s " » GPS-level motion correlation raiectory 1 1! oo ' '
 2) Foreground-background comparison : _= ——N JEETOTY Lo S
~ Background (averaged from non-detection area) | ———— e~ el O .‘ Lo L X P
. _ J N P Pract o Zg | R " I I : (D (b tracklet2 Vinterval ‘ .
e - s | ; , ‘,‘ Lo O @
N ; | . L= max :... e 2 . .
} : Ioi fi-o0 o e fcid 25620 N s B i T L AR d) (btracklet3 “' .\T !
: : : /I tll tl . '1 ; t4:1 t-:Z . '3 ‘ gaussian regression prediction
> W fc_id_256_2_4 ng tmax4 - + +
254 : ******** a\
—— ST D /7 N Syt |
pa|i=3 S ' ATETEN Lf,‘:‘:lm,,,, : y G . . . . , .
Pi ;=g »': v Ji=o0 — | 4 camera calibration from CityFlow dataset (d) Multi-camera |dent|ty matchi ng
| .."‘ . : I
| - ngﬁtmaxi / L N 1 €W;5z f;
P5 _— — - = . u
<50 L Lo | softmaz Zl o8 S Wik Trajectory matching with mean feature under three constraints
o — T[] | = -
pi |i=0 | : Vs r B (4) (0) (i) () t di t corresponding t t
— DT ————»| L% omaxo = D _ D), — mi i) _ gl WO adjacen rajectory n
o : - | Liripet Z Z[a T pinlé.l.}.(K It fp 2 nng L £ M)+ cameras boundaries
= fcid 256 4.4 NN EDOw IS i=1a=l j=1...P S ® to camera n-1
T e e e e e e R - ® * Direction constraint
, , .} \ ® / girection « Camera location constraint
Granularity Backbone Resolution | MAP | Rank-1 | Rank-5 | MAP (RK) | Rank-1 (RK) | Rank-5 (RK) Method mAP Rank-1 : | O . Road b d traint
------------------------------------------------------------------------------------------------ H1 ResNet50 224 667 | 91.8 | 96.1 714 02.9 04.9 OIFE [21] 18.0 9.4 | O oad boundary constrain
1 Rocall | Procis: H1,H?2 ResNet50 224 744 | 94.9 97.3 76.9 95.4 96.2 VAMI [27] 50.1 77 0 _ tom camera n+1
ccall | rrecision H1,H2, H3 ResNet50 224 777 | 953 | 97.1 79.8 95.5 96.5 GSTE [2] 59.5 96.2 annotation n
w/o refinement | 0.253 | 0.994 0.156 H1,H2,H3,H4 | ResNet50 224 79.5 | 955 | 97.6 81.5 96.1 97.4 MoVIBS [10] 67.6 00.2
w/ refinement | 0.695 | 0.993 0.560 H1,H2,H3, H4 ResNet50 256 80.5 96.1 98.0 82.4 96.4 97.4 Ours 83.9 (+16.3%) | 96.9 (+6.7%) Acknowledgement: This work was supported by the National Science Foundation under award number 11S-1400802 and
Detection results, without and with refinement H1,H2,H3,H4 | SEResNext50 256 819 | 96.2 97.9 83.9 96.9 97.7 Natural Science Foundation of China (61420106007, 61671387). Yucheng Chen’s contribution was made when he was a
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