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Feature Fusion and Segmentation Guided Weakly Supervised Object Detection

CHAI Wen-guang, CAI Chun-bo
(School of Computer Science, Guangdong University of Technology, Guangzhou 510006, China)

Abstract: The region proposal generation method (ie, PRN) based on convolutional neural networks (CNNs) is trained through in-
stance—level annotations, and is also an important part of the current fully supervised target detection (FSOD). Because instance—level
annotations are time—consuming and labor—intensive, while image—level annotations are easier to collect, so weakly supervised object
detection (WSOD) that only uses image—level annotations has attracted the attention of many researchers. The current WSOD relies on
standard region proposal generation methods such as selective search. These methods are prone to generate a large number of noisy pro-
posal boxes, resulting in their existence that cannot fit the real target object. This paper is based on the multi-layer fusion of convolu-
tional features and the segmentation guidance strategy to obtain high—quality proposal boxes. Specifically, the deep information of the
convolutional network is used for multi-layer fusion, and the edge information is used to obtain the initial candidate proposal boxes,
and then through weakly supervised semantic segmentation The consistency criterion divides the segmentation map into two variables,
horizontal and vertical, to obtain the target consistency representation, thereby extracting high—quality proposal boxes. The experimen-
tal results on the PASCAI VOC2007 dataset show that the method in this paper exhibits excellent performance in classification and lo-
calization detection, with mean of average precision (mAP) and localization (CorLoc) reaching 51.0% and 71.2% accuracy rates, re-
spectively.
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Fig. 1 Specific process of the proposed method
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Fig.2 Response and fusion of different convolutional layers of VGG 16 network
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Fig.3 Object consistency representation
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Table 1 mAP of different thresholds on the VOC2007 test set

F1 vV0C2007 MK EREBEKN mAP

ToU [ {8 0.5 0.7 ratio( %)

WCCN!e! 39.4 18.3 46.2

TS2¢H7! 41.7 20.9 49.7
Our 422 21.8 53.1
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Table 2 Category detection precision of VOC2007 test set

Fz2 VOC2007 ik & 2K 3 46 45 &

(%)
. WS- c-

Jrdk oS OICRI PCLITISLVE | WECN!S TS2CH7) Our
aero 464 585 571 656 625 495 593 633
bike 583 620 671 714 584 606 575 657
bird 355 351 409 490 495 386 437 506
boat 259 169 169 37 321 292 273 304
boule 140 174 188 247 198 162 135 263
bus 667 632 651 69.6 705 708 639 668
car 530 608 637 703 661 569 617 593
catl 392 344 453 706 634 425 599 499
chair 89 82 170 308 200 109 241 29.2
cow 418 497 567 63.1 605 441 469 654
table 26,6 41.0 489 360 529 299 367 49.1
dog  39.6 313 332 614 535 422 456 644
horse 447 519 544 653 689 479 399 66.7
mbike 590 648 683 684 84 641 626 669
person 108 13.6 168 124 246 138 103 208
plant 173 231 257 299 518 235 236 183
sheep 407 416 458 524 587 459 417 481
sofa  49.6 484 522 600 667 541 524 507
train 569 589 59.1 67.6 63.5  60.8 587 65.6
v 508 587 620 645 505 545 566 607

Table 3 Localization detection precision of VOC2007 validation

£3 VOC2007 BiIEETE i M FE E

set

(%)

; WS- .oC- -
AL OICR!S! PCLY) SLV!® w01 WEEN® TS2CH7 Our
aero 651 817 796 - - 839 842 873
bike 588 804 855 - - 728 741 850
bird 585 487 622 - - 645 613 756
boat 331 495 479 - - 44.1 521 568
bottle  39.8 328 37.0 - - 40.1 321 50.1
bus 683 817 838 - - 657 767 835
car 602 854 834 - - 825 829 893
cat  59.6  40.1 430 - - 589 666 749
chair 348 406 383 - - 337 423 412
cow 645 795 801 - - 725 706 884
table 305 357 506 - - 256 395 503
dog 430 337 309 - - 537 57.0 68.4
horse 568 605 578 - - 674 612 787
mbike 824 888 908 - - 774 884 906
person 255 218 270 - - 26.8 9.3 26.1
plant 416 579 582 - - 491 546 597
sheep 615 763 753 - - 68.1 722 821
sofa 559 599 685 - - 279 60.0 6738
train 659 753 757 - - 645 650 828
v 637 814 789 - - 557 703 857

Table 4 mAP of the VOC2007 test set and the localization precision
CorLoc of validation set
F4 VOC2007 Ui & A9 mAP F1 3 i 52 4 7 (4% & CorLoc

ik mAP(%) CorLoc(%)
WSDDN!#! 39.3 53.5
OICR'®! 42.0 60.2
PCL7 435 62.7
SLV!8) 49.2 69.2
C-MiILHo! 50.5 65.0
WCCNLI6) 46.6 56.7
TS2CH7) 50.8 61.0
Our 51.0 71.2

Fig. 4 Example of object detection
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