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@ 374 Algorithm Framework Calendar City Folige Walk Average
I~ ® MSFFN
é 372 ®BasicVSR FRVSR RF-based - - - - 26.69/0.822
® RBPN
37 TOFlow SF-based 22.44/0.7291 | 26.74/0.7376 | 26.22/0.757 | 29.02/0.8776 | 25.86/0.7626
® DUF
368 RBPN SF-based 23.99/0.807 | 27.73/0.803 | 26.22/0.757 | 30.70/0.909 | 27.12/0.818
4 7 10 13 16 19
Parameters(M) EDVR-L SF-based 23.98/0.8146 | 27.98/0.8118 | 26.33/0.7635 |27.32/0.8263 | 27.32/0.8263
IconVSR RF-based 24.05/0.8142 | 27.86/0.8109 | 26.55/0.7706 | 31.05/0.9159 | 27.38/0.8279
ICNet-M IC 24.14/0.8158 | 27.81/0.8040 | 26.41/0.7672 | 31.10/0.9150 | 27.37/0.8255
ICNet-L IC 24.17/0.8165 | 27.96/0.8133 | 26.49/0.7698 | 31.09/0.9150 | 27.43/0.8287
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Algorithm Bicubic TOFlow RBPN EDVR IconVSR ICNet-M ICNet-L
Vimeo-90K-T | 31.55/0.866 | 34.94/0.919 | 37.16/0.942 | 37.59/0.9475 | 37.47/0.9461 | 37.68/0.9474 | 37.72/0.9477
REDS4 26.14/0.7292 | 27.98/0.7990 | 29.54/0.8538 | 31.09/0.8800 | 31.67/0.8948 | 31.22/0.8825 | 31.71/0.8963
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Jiaxu Leng, Jia Wang, Xinbo Gao*. "ICNet: Joint Alignment and Reconstruction via Iterative Collaboration for Video Super-Resolution. " In Proceedings of the 30th ACM
International Conference on Multimedia (ACM MM) 2022.
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Jiaxu Leng, Ying Liu, Zhihui Wang, Haibo Hu, and Xinbo Gao. “Crossnet: detecting objects as crosses.” IEEE Transactions on Multimedia (TMM) 2022
VALSE 2024 | i 2% 5 2h 255 | 15 [ 5 3072 58 506 5 & TE S50

EHMHE AR | 2ot 4% H B | A



/03 BT RBEEMEEFONIES (S5 RM) EDED

O FEQH:

& T RO I, SIN T M
BRI R, LASTILHR 1 R 0 S A

& BT R T O R R SF RN T
"B R 0 S 2 F TN 45 SRSk 5 9 FE A
A

CMap

e I s Kl o I
. T
_

lap
« —| CA-SRM2

%" CA-SRM3 |—*

Output

CA-SBRM |: Center-attention size regression module Conv  : Convolution operation
F A |A—| A S -_ N
@ : Combination of CMap and SMap ® : Element-wise multiplication — g& q] I [_’\E'_1\ ! » u I 15 E */-]: ﬁ ;)HIJ

Heatmaps
Payc log(ﬁzyc) Zf Pryc = i
centj . I o _ 1
- : - GINEIEEES Ez{kmm)%wﬂ%aﬂmgmmme
cTowe ECOLE de vean =
RFECTIONNEMENT h AL
m+
—| ConvNet _ N
— RIB|K Lo= 5 2 18— Sl
n=1
! n
size — i

Input image

N

1 —

wisHE  Lo= 210
n=1

Jiaxu Leng, Ying Liu, Zhihui Wang, Haibo Hu, and Xinbo Gao. “Crossnet: detecting objects as crosses.” IEEE Transactions on Multimedia (TMM) 2022.
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Car Pedestrian Cyclist
Metiod EES Easy = Moderate  Hard Easy = Moderate  Hard Easy = Moderate  Hard
anchor-based approaches:

Faster R-CNN [7] 035 88.97 83.16 72.62 | 79.97 66.24 61.09 | 72.40 62.86 54.97
Complexer-YOLO [54] 16.7 | 91.92 84.16 79.62 | 42.16 36.45 3291 | 66.94 59.78 55.63
SubCNN [55] 0.5 | 94.26 89.98 79.78 | 84.88 72.27 66.82 | 79.36 1172 62.74

Cascade MS-CNN [3] 4 94.26 91.60 78.84 - - - - I -
YOLOV3 [9] 20 95.22 92.42 82.32 | 83.87 66.54 61.45 | 79.16 58.57 51.74
TuSimple[56] 0.6 | 95.12 94.47 86.45 | 88.87 78.40 73.66 | 83.68 75.22 65.22
RRC[57] 3.6 | 95.68 93.40 87.37 | 8598 76.61 71.47 | 86.81 76.81 66.59

3D object detection approaches:

SMOKE [58] 333 | 93.21 87.51 77.66 - - - - - -
Mono3D [59] 0.2 | 9452 89.37 79.15 | 80.30 67.29 62.23 | 77.19 65.15 57.88
Center3D [60] 20 95.14 85.05 73.06 | 67.15 48.76 44.05 | 65.34 40.99 36.50
F-PointNet [61] 59 | 95.85 95.17 8542 | 89.83 80.13 75.05 | 86.86 73.16 65.21

PC-CNN-V2 [62] 2 96.06 95.20 89.37 - - - - - -

SegVoxelNet [63] 25 96.00 92.73 87.60 - - - - - -
STD [64] 13 96.14 93.22 90.53 | 68.33 55.04 50.85 | 83.99 71.63 64.92
HotSpotNet [65] 25 96.21 92.81 89.80 | 71.43 62.31 59.24 | 86.06 78.81 71.74
CrossNet w/ DLA-34 20 96.44 93.52 91.23 | 87.71 76.01 68.85 | 84.78 72.73 66.12
CornerNet CrossNet(Ours) CrossNet w/ Hourglass-104 5 | 9763 9473 9253 | 89.11  78.11  70.21 | 8588  74.62  68.31

Jiaxu Leng, Ying Liu, Zhihui Wang, Haibo Hu, and Xinbo Gao. “Crossnet: detecting objects as crosses.” IEEE Transactions on Multimedia (TMM) 2022.
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Feng Gao, Jiaxu Leng", Ji Gan, and Xinbo Gao". "Selecting Learnable Training Samples is All DETRs Need in Crowded Pedestrian Detection." In Proceedings of the 31st ACM
International Conference on Multimedia (ACM MM) 2023.
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Jiaxu Leng, Mengjingcheng Mo, Yinghua Zhou, Chengiang Gao, Weisheng Li, and Xinbo Gao*. "Pareto Refocusing for Drone-view Object Detection." IEEE Transactions on
Circuits and Systems for Video Technology (TCSVT) 2023.
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Jiaxu Leng, Ying Liu, Dawei Du, Tianlin Zhang, and Pei Quan. "Robust obstacle detection and recognition for driver assistance systems." IEEFE transactions on intelligent
transportation systems (TITS) 2020.
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Metiiod Datiser | Runtime perirme Moderate Easy Hard Moderate Easy Hard Moderate yEasy Hard
DPM-VOC+VP[33] KITTI 8s 66.2% 80.4% | 49.8% 44.8% 59.6% | 40.3% 31.1% 43.6% | 28.2%
LSVM-MDPM-sv[34] KITTI 10s 57.4% 71.7% | 46.5% 39.3% 51.7% | 35.9% 29.2% 377% | 27.5%
Mono3DI[30] KITTI 4.2s 87.8% 90.2% | 78.1% 66.7% 77.3% | 63.4% 63.8% 752% | 58.9%
NMRDOI[31] KITTI 0.1s 58.4% 72.6% | 47.5% 41.2% 52.2% | 36.8% 30.8% 38.4% | 28.3%
SubCNN [32] KITTI 2s 88.8% 90.7% | 79.2% 11.3% 83.1% | 66.3% 70.7% 77.8% | 62.7%
Ours KITTI 0.2s 89.2% 91.2% | 84.8% 83.4% 87.8% | 75.1% 79.5% 84.0% | 70.2%

Jiaxu Leng, Ying Liu, Dawei Du, Tianlin Zhang, and Pei Quan. "Robust obstacle detection and recognition for driver assistance systems." IEEE transactions on intelligent

transportation systems (TITS) 2020.
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Jiaxu Leng, Mingpi Tan, Xinbo Gao®, Wen Lu, and Zongyi Xu. "Anomaly Warning: Learning and Memorizing Future Semantic Patterns for Unsupervised Ex-ante Potential
Anomaly Prediction." In Proceedings of the 30th ACM International Conference on Multimedia (ACM MM) 2022.
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Jiaxu Leng, Mingpi Tan, Xinbo Gao®, Wen Lu, and Zongyi Xu. "Anomaly Warning: Learning and Memorizing Future Semantic Patterns for Unsupervised Ex-ante Potential
Anomaly Prediction." In Proceedings of the 30th ACM International Conference on Multimedia (ACM MM) 2022.
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Thanks for your listening and attention!

Questions, please?
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