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IBaseHne

what is the baseline for this paper?

The Baseline for this paper is cornernet, which is a key-point-based object
detection algorithm that removes the anchor box mechanism compared to the
previous object detection.

what are the advantages of the baseline?

The advantages of baseline Is that there i1s no need to anchor box a lot and
manually set a lot of hyper parameters, which improves the speed of the
whole network.



IBaseHne

what are the disadvantages of the baseline?

Firstly, without the help of anchor box and global information, any two corner
points can form a predicted bounding box, many error bouding boxes will be
generated.

- e s s
o * iy




IBaseHne

what are the disadvantages of the baseline?

Secondly, baseline is sensitive to edges, which leads to many corner points being
sensitive to the edges of the background as well, so the wrong corner points are also
detected In the background.

correct




I motivation

In object detection, keypoint-based approaches often suffer a large number of
Incorrect predicted bounding boxes, due to the lack of the internal information of the

detect object.
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ICorresponding solution

INtuition : Make good use of the internal information of the detect object

If the predicted bounding box Is accurate, the probability of detecting the object
center point in its central region of the predicted bounding box is high, and vice versa.



ICorresponding solution
specific steps

Stepl:for each object generate tow corner key points and one center key point

Step2:the tow corner key points are used to generate the predicted bounding box

Step3:define a central region for each predicted bounding box

Step4.determine if the central region of each predicted bounding box contains a center key point

Stepb:if there is a center key point in the central region of the prediction bounding box, preserve the
bounding box ,otherwise remove It.




I Our Approach

Centernet.

Backbone

Centernet use cascade corner pooling and center pooling to output two corner keypoints
heatmaps and a center keypoint heatmap.

Then the center keypoint are used to determine the final bounding box.



IOur Approach
Corner pooling vs Cascade corner pooling

Corner pooling only takes the
maximum values in Horizontal and
vertical directions

Cascade corner pooling takes the maximum
values in both boundary directions and intern:
directions(along the dotted line in the figure) «
objects.



IOur Approach

Center pooling

.

_.-'-'-?_ e I
e max

Center pooling takes the maximum values in both horizontal and vertical directions.
provide information other than the location of the center point.



IOur Approach

Central region
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Divide the prediction bounding box into n smaller regions, and take the middle
one as the central region



I Our Approach

Loss function

CO ce
L= Ldet. + Ldet T o pull + .B u5h + (LDH + nﬂ')
. H W . o
(1— 1% log (peii) if yu: =1
Lﬂ! — =1 { I"I_i' =i cig .
. T.,«_‘g‘l ;}; JE] (1 — Tj,..,_i.;I npﬂj}” log (1 — p.;) otherwise

N
1 .
Lyun = FZ [(Efk —er)? + (ep, — Ek)z} .
k=1

Lpysh = (j\. Y ZZI‘H&X (0,A — ler —ej]),

k=1 j=1
JFk

F

L.y = ZSHIDDt]lL]_LDSS (0. 04)
k=1



I Experiment

In terms of accuracy, the experimental results showed that CenterNet obtained 47% of
the AP, surpassing all known one-stage detection methods and leading by a wide
margin of at least 4.9%.

Method Backbone Train np est mpu AP APy AP AR ARy AR [ AR, ARy ARy ARs ARy AR
One-stage;

YOLOw2 DarkNet-19 544544 M4 |26 M40 192 50 224 35207 36 33 98 35 M4
DSOD300 D564-192-48-1 300 300 300300 203 413 306 94 315 470 (213 407 430 16T 4701 650
GRP-DSOD320 DS64-192-48-1 320320 320320 00 479 318 109 336 463 | 280 421 445 IBR 491 650
550513 ResMNet-101 513x513 3513 | 312 304 333 102 M5 498 | 283 421 M4 176 492 658
DSSD513 ResMNet-101 513513 3313 | 332 333 31 130 354 511 | 289 435 462 218 491 664
RefineDet512 (single-scale) [45] | ResNet-101 512512 MIx312 | 364 515 35 166 399 514 - - - - -
CornerNet311 (single-scale) Hourglass-52 511511 ol J8 53T 400 170 390 505 339 523 570 30 393 4T
RetinaNet&(0 ResNet-101 800 800 800 800 00 591 423 218 427 502 | - - - - -
CornerNet311 (multi-scale) Hourglass-32 511x511 <1.5x 94 549 423 189 412 527 | B0 5 317 3l 601 Tl
CormerNet311 (single-scale) Hourglass-104 511511 O, 405 365 431 194 427 339 | 353 M3 M1 34 619 T69
RefineDet312 (multi-scale) ResNet-101 512512 €£2.25x 4.8 629 45T 256 451 Ml

ComerNet311 (multi-scale Hourglass-104 511511 <lix 421 518 453 208 448 567 | w4 55T 600 385 62T Ti4
CenterNet311 (single-scale) Hourglass-52 511311 il 4.6 394 M2 225 431 M1 ME 55T 601 36 633 Ted
CenterNet311 (single-scale) Hourglass-104 511 %311 Ofl. 49 624 481 256 474 574 31 84 633 413 6101 802
CenterNet311 (multi-scale ) Hourglass-52 511511 <1.8x 435 613 467 253 453 50 360 512 613 414 640 T63
CenterNet311 (multi-scale ) Hourglass-104 511x511 <1.8x 40 o5 M7 289 499 B9 N5 6y 48 451 683 797




I Experiment

Centernet ranks among the top of state-of-the-art two-stage detectors.

| Method Backbone Train inpul Test i]'lPl.I[ AF APy AP APs APy, APy AR, ARy, ARy ARz ARy AR |
Two-stage:
DeNet ResNet-101 312x512 512x3512 338 534 361 123 361 508 | 296 426 43.5 192 469 o643
CoupleNet ResNet-101 ori. ori. 4 548 372 134 3R1 508 | 30.0 450 464 207 531 685
Faster R-CNN by G-RMI Inception-ResNet-v2 ~ 1000=600  ~ 1000600 | 347 5355 367 135 381 520 - - - - -
Faster R-CNN +++ [14] ResNet-101 ~ 1000=600  ~ 1000600 | 349 557 374 156 387 509 - - - -
Faster R-CNN w/ FPN ResNet-101 ~ 1000600  ~ 1000600 | 362 59.1 390 182 39.0 482 - - - - - -
Faster R-CNN w/ TDM Inception-ResNet-v2 - - 368 577 392 162 398 521 | e 493 5L 281 66 TIL
D-FCN [7] Aligned-Inception-ResNet | ~ 1000600  ~ 1000600 | 375 58.0 - 194 40.1 525 - - - - - -
Regionlets [43] ResNet-101 ~ 1000600  ~ 1000xp00 | 393 598 - 217 437 509 - - - -
Mask R-CNN ResNeXi-101 ~ 1300800  ~ 1300=B00 | 398 623 434 221 432 512 - - - -
Soft-NMS Aligned-Inception-ResNet | ~ 1300800  ~ 1300=800 | 409 628 - 233 436 533 - - - -
Fitness R-CNN [41] ResNet-101 312x512 10241024 | 41.8 609 449 215 450 515 - - - -
Cascade R-CNN [4] ResNet-101 - - 428 621 463 237 455 552 - - - -
Gnid R-CNN w/ FPN ResNeXi-101 ~ 1300800  ~ 1300=B00 | 432 630 466 251 465 552 - - - -
D-RFCN + SNIP (multi-scale) DPN-98 ~ 20001200 ~ 20001200 | 457 673 511 293 488 571 - - - -
PANet (multi-scale ) ResNeXt-101 ~ 1400=840  ~ 1400840 | 474 672 518 301 35L7 600 - - - - -
CenterNet511 (single-scale) Hourglass-32 511x511 Ol 4.6 394 442 225 431 541 M8 55T 601 386 633 Te9
CenterNet311 (single-scale) Hourglass-104 511511 Ol 49 624 481 256 474 574 361 84 633 413 611 802
CenterNet311 (multi-scale ) Hourglass-52 511511 <1.8x 435 613 467 253 453 550 360 572 613 414 o400 T63
CenterNet311 (multi-scale ) Hourglass-104 511511 <1.8x 4.0 643 507 289 499 389 35 o3 o8 451 683 79T




Experiment

i

(a)and (b) show that CenterNet can ef‘fe.ctively felmovlé thle small err.or pred'icted
bbox

(c) and (d) show that CenterNet can effectively remove the middle error predicted
bbox
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