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Adopting the two-step detection framework? Why don’t we take more baby steps?

Solution Results
‘ * > Using ‘divide and conquer’ philosophy to further decompose and better > Object proposal on VOCO07 test X
‘ | * ¢ solve each of the two tasks; + ++ Recall analysis on difficult categories ‘
‘ Task 1: ' Task 2: - :> Each task is solved with a carefully designed neural network cascade. ¢ Method | #Boxes | Recall | bird boat bottle chair plant  tv :
[ J PrOI)qul > PI.OI)OS.ll » : ..................................................................... : VGG_M 300 94.8 93 .8 92.7 80.3 91.7 86.8 90.5 "
. seneration dassification | Approach . VGG_19 | 300 | 975 | 962 958 923 956 904 95.1 :
: image 2080 Ohject proponsls 20 ohjeck detections R N R R R R R R : : \(;és(c}a(li\?[ 300 97.9 97 3 96.9 90 1 96.2 94.5 983 .
: _ _ . .> CRAFT (Cascade Rpn And FasT-rcnn) . ¢ - _ _ ‘
X Gap between ideal and reality . . step3 stepd Definition: . .* Recall analysis at various loUs and the detection mAP X
. " standard RPN : : Method #Boxes 0.5 0.6 0.7 0.8 09 mAP :
" . o -, . . SS 2000 921 852 725 529 26.6 | 700
" . ¢ o binary Fast R-CNN . "
+  ldeal | .. Y - RPN 2000 | 985 958 841 407 41 | - :
.+ Output only object proposals. . . step3: standard Fast R-CNN » ¢ RPN 300 963 925 788 379 39 | 716 .
* Reality: . . step4: Fast R-CNN with N | . Ours 300 979 955 896 637 130 | 722 .
: g | . |Background| Recall@ | Recall@ | Recall@ . s image ~2000 object like  ~300 object  ~20roughly  ~5 refined object binary classifiers . 3 Ours_S 87 968 941 878 624 129 | 725 .
: Viethod | PREEION | regions | 05loU_| >0.810U |hard_object : eon o prenh o e . +> Object detection on VOC07/12 test and ILSVRC val2 :
o Sgleeaitége @ @ @ @ @ o AqV?ntagef _ : - Method proposal classifier voc07 vocl2 ilsvrc ;
Z .o A e + eliminate difficult .o FRCN SS FRCN | 700 65.7 - .
: REN | () © ® ® ® : . . Ry background regions; - RPN_unshared | RPN FRCN | 716 655 454
; : ¢ o Fey * Improve localization; . 3 RPN RPN FRCN 739 670 ) :
«> Task 2: Object classification o > RPN net = FRCNnet + combine proposals from ' . Ours ascade FRCN — _ 70 ;
Ideal: multiple sources; - Ours cascade cascade 75.7 71.3 48.5 "
» Classify proposals into N object categories of interest. Fif;;jt > * 20% absolute recall gainat . : = |mageNet 2015 Object Detection from Video (VID) Competition -
o ' s | b 0.8loU with 5% proposals, | . ‘
Reallty. | ' 1% absolute mAP gain. ¢ Team Task Track Dgtector Aé’;\;al Rank
° e o . R . . . Uurs o
A majority of sa.mples are back.ground (num_classes becomes N+1);: ¢ Cascade object classification (step3 + step4) Advantage: - CUvideo | VID | Provided data 1
« Samples of N different categories may vary a lot; - Obicet 1 ie ‘one-hot’+ ‘one-vs-rest’ ' . b DeepID-net 65.8
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« With cross-entropy objective, CNN learns biased representation, @ ° % N1 class share full-image features; Discussion
and it is hard to capture fine-grained variance of each category. : O [511511[2] . Detections ° C2PIUre both inter-and infra- . = 0 o et aaaaaan .
Wrong detections of Fast R-CNN: : 3 10 10 RoIPoohng>m = 1S ™ and Scores CéteQOW varlances.,. : :> CRAFT enjoys other advances in object detection like ION, ReSNet;:
‘boat'. 0.7 ‘dod’. 0.5 === Discard ‘background’ » eliminate false positives . > The cascade structure used in proposal task plays the role of hard -
oat, o A SISISISS between ambiguous ¢ . ;o : - :
e f | ~ S [5|/5(9 3 | . . oot 9 . . example mining for the following detection task; :
— R"’P‘”"’"‘*’> = 21 1S = detections 30, gb | ’ AP . :> The cascade structure used in detection task points out a potential -
2ass Vo é‘O?O ute mAP gain on drawback of current loss function choice for fast r-cnn, and

provides an alternative solution. .



