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Background

e Dense object detection enjoys a wide of applications, including surveillance
video tracking by the police and merchandise recognition for online shopping.

e An inherently challenging is: it requires predicting the bounding boxes for all
objects present in a given image irrespective of their shape, size, and
number.

e The inborn complexity of images, such as shadow/occlusion, image size,
shape, color, and texture could also pose a significant hindrance in the
detection process resulting in a lower accuracy.

e Existing efforts have been made to address above key challenges, including
two-stage (R-CNN [1]) and one-stage (RetinaNet [2], FCOS [3]) approaches.

[1] Girshick, Ross, et al. "Rich feature hierarchies for accurate object detection and semantic segmentation." Proceedings of the IEEE conference on computer vision and pattern recognition.
2014. [2] Lin, Tsung-Yi et al. “Focal Loss for Dense Object Detection.” 2017 IEEE International Conference on Computer Vision (ICCV) (2017): 2999-3007. [3] Tian, Zhi, et al. "Fully
convolutional one-stage 3d object detection on lidar range images." Advances in Neural Information Processing Systems 35 (2022): 34899-34911.



Challenge

(c) GFocal-V2 (d) AIRS

(a) GFocal (b) AIRS

Figure 1: Bounding boxes produced by GFocal [4], GFocal-V2 [5], and AIRS, where
GFocal, GFocal-V2 still tend to generate unnecessary bounding boxes resulting from
false positive anchors, comparing to the proposed AIRS model.

[4] Xiang Li, Wenhai Wang, Lijun Wu, Shuo Chen, Xiaolin Hu, Jun Li, Jinhui Tang, and Jian Yang. Generalized focal loss: Learning qualified and distributed bounding boxes for dense object
detection. In NeurlPS, 2020. [5] Xiang Li, Wenhai Wang, Xiaolin Hu, Jun Li, Jinhui Tang, and Jian Yang. Generalized focal loss v2: Learning reliable localization quality estimation for dense
object detection. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), pages 11632—-11641, June 2021.



Methodology
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Generation of Masked Evidential Q-value

We use masked evidential Q-value to select optimal action, and the
reward is measured by target patch quality score resulting from that
action.
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Experiment Results

Table 1: Detection performance comparison on all three datasets along with their challenging subsets

C MS COCO Pascal VOC 2012 Open Image V4
ategory Method
AP AP° APM APL APCH AP APS APM APL APCH AP AP APM APL APCH
Two-stage Faster R-CNN [33] 362 182 39.0 482 194 738 252 752 784 265 374 196 385 422 205
Cascade R-CNN [7] 42.8 237 455 552 225 8.7 295 736 835 286 386 254 404 448 237
RepPoints [41] 410 23.6 441 517 212 813 291 744 830 276 39.1 242 391 425 215
TridentNet [24] 427 239 466 566 205 825 295 643 847 284 405 262 419 458 204
DETR [9] 420 205 458 61.1 175 802 251 628 845 263 396 235 415 459 178
Co-DETR [49] 425 208 462 615 179 805 254 632 849 265 397 239 418 463 183
EVA [14] 467 285 482 619 288 847 315 754 865 287 441 258 465 508 267
DINO-4scale [44] 47.8 302 501 623 290 869 334 772 885 309 462 298 478 523 281
DINO-Sscale [44] 479 300 504 625 290 87.1 333 774 886 312 464 299 477 524 282
One-stage RetinaNet [26] 39.1 21.8 427 502 216 770 278 629 815 273 385 248 402 424 213
FCOS [38] 415 244 448 516 235 833 314 642 858 305 403 261 418 454 232
ATSS [45] 436 261 470 53.6 238 842 326 743 869 313 422 269 425 468 240
SAPD [48] 435 249 468 546 224 838 315 753 862 295 411 259 416 458 235
SpineNet [11] 415 233 450 580 212 86 293 735 857 274 402 258 412 453 216
GFocal [23] 450 272 488 545 254 865 350 780 905 326 458 295 465 514 263
Ours AIRS 483 321 485 543 294 887 373 79.0 915 356 475 315 481 531 290




More detailed analysis

16 16
Il AIRS I AIRS o, A a 0o
B GFocal Emm GFocal 70 \0/0 o/./\./
c < ./
212 212 £ \
3} &) =
()] ()] 4 50| =0= Reward
3 r £ =
a =0= Evi Q
8 0 g @ 40 —em EU
g 8) g =0= Reward w/o EL e 3
® © §3° -e- Qw/o EL \
® 4 ® 4 < 20 =S — e
b Z o . —_ e——e
10 o " N:=e
D e e \o—o§.
0~ Small  Medium  Large 0~ Small  Medium  Large "5 10 15 20 25 30 35 40 45 50
Boudning Box Area Size Boudning Box Area Size Time step

Figure (a)-(b): Average number of detections per test image based on the bounding box area on
MS COCO and Openimages V4. Figure (c): Ablative study on epistemic uncertainty to deep
Q-evaluation.



