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Several types of edge detection problems:
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Feature Interpolation & Concatenation
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HFL architecture Cry-aware edge detection
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Benefit of deep supervision
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The SBD Dataset - Example results
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Figure 2. Class-wise prediction results of comparing methods on the SBD Dataset. Rows correspond to the predicted edges of “aeroplane”, ~ Figure 3. Class-wise prediction results of comparing methods on the SBD Dataset. Rows correspond to the predicted edges of “dining
“bicycle”, “bird”, “boat”, “bottle”, “bus”, “car”, “cat”, “chair” and “cow”. Columns correspond to original image, eround truth, and results table”, “dog”, “horse”, “motorbike”, “person”, “potted plant”, “sheep”, “sofa”, “train” and “tv monitor”. Columns correspond to original

Q Q of Basic. DSN. CASENet and CASENet-VGG. image, ground truth, and results of Basic, DSN, CASENet and CASENet-VGG.

- D e e p e r B a S e N e t W O r k Metric | Category | Method aero | bike | bird | boat | bottle | bus | car | cat | chair | cow | table | dog | horse | mbike | person | plant | sheep | sofa | train | tv | mean

R ', InvDet 415467156 [ 17.1 ] 365 [ 426 | 403 [ 227 [ 189 [ 269 [ 125 [ 182 ] 354 | 294 | 482 | 139 [ 269 [ 11.1 | 21.9 | 314 | 279

Semantic E dges Ca tegory Aware SEs . . . L. . . | ; ) ] | Baseline | HFL-FC8 71.6 | 59.6 | 68.0 | 54.1 | 572 | 68.0 | 58.8 | 69.3 | 43.3 | 65.8 | 33.3 | 679 | 67.5 | 622 | 69.0 | 43.8 | 685 | 339 | 57.7 | 548 | 58.7

- . Based on ResNet-101 with certain changes | HFL-CRF 73.9 | 614 | 746 | 572 | 588 | 704 | 61.6 | 71.9 | 465 | 723 | 362 | 71.1 | 73.0 | 68.1 | 703 | 444 | 732 | 426 | 624 | 60.1 | 62.5

Previous WOrk Indlcate that rECOgnlthn performance bEﬂEﬁtS from g§0Ing deeper' | _ Fully convolutional ! Basic-Softmax | 67.6 | 55.3 | 504 | 449 | 423 | 64.6 | 61.0 | 63.9 | 374 | 431 | 253 | 579 | 57.1 | 60.0 | 72.0 | 33.0 | 53.5 | 30.9 | 544 | 47.7 | 51.1

. . . : : : . : ! _ | ME VGG | Basic 70.0 | 58.6 | 62.5 | 50.2 | 512 | 654 | 60.6 | 66.9 | 39.7 | 47.3 | 31.0 | 60.1 | 59.4 | 602 | 744 | 380 | 56.0 | 359 | 60.0 | 53.8 | 355.1

Category-aware semantic edge detection: To simultaneous- + Evolution of network architectures on ILSVRC (AlexNet->VGG->ResNet) with significant performance gains. * Removed average pooling + FC , DS CASENet | 725 | 61.5 | 63.8 | 545 | 523 | 654 | 626 | 67.2 | 426 | 518 | 314 | 620 | 619 | 628 | 754 | 417 598 | 358 | 597 | 507 | 5638
| — Preserve low-level edge information . (OD5) Basic-Softmax | 74.0 | 64.1 | 648 | 525 | 52.1 | 732 | 68.1 | 732 | 431 | 562 | 373 | 614 | 684 | 676 | 767 | 427 | 643 | 375 | 64.6 | 56.3 | 60.2

. . . . ' ' ) _ | Basic 82.5 | 742 [ 802 | 623 | 68.0 | 80.8 | 743 | 829 | 529 | 73.1 | 46.1 | 79.6 | 789 | 76.0 | 804 | 524 | 754 | 486 | 758 | 68.0 | 70.6

Iy dEtECt and Categorlze the semantic ObJECt boundarles. + Segmentation also benefitted from deeper networks (Eg' DeepLab vl (VGG) > DeepLab v2 (ResNet 101))' | * Stride 1in resl and res5 instead of Stride 2 | ResNet Dfési\l 81.6 | 75.6 | 784 | 613 | 67.6 | 823 | 746 | 82.6 | 524 | 719 | 459 | 792 | 783 | 762 | 80.1 | 51.9 | 749 | 48.0 | 765 | 66.8 | 70.3
: : : ST | = Maintain receptive field with dilated convolution CASENet™ 83.0 | 747 | 79.6 | 61.5 | 67.7 | 80.7 | 74.1 | 82.8 | 533 | 75.0 | 445 | 798 | 80.4 | 762 | 802 | 532 | 71.3 | 477 | 756 | 66.3 | 70.7

+ Deeper architecture leads to larger receptive field and more context, which is important. | | CASENet $33 | 760 | 80.7 | 63.4 | 692 | 813 | 74.9 | 83.2 | 543 | 74.8 | 46.4 | 803 802 | 76,6 | 808 | 533 | 772 | 50.1 | 759 | 66.8 | 714
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Wide apphcahgns in scene understand"\g; + HFL |abels edge categories in a mutually exclusive way. ¢ to handle heavy bias of positive/negative ratio
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+ Generate object proposal

+ 3D shape recovery and 3D reconstruction

+ Depth estimation and refinement The CASENet Architecture

CASENet

fused classification

Deeply Supervised Net (DSN)

fused classification

Formulation & Notation
+ Input: RGB imageI.

upsample

Side 5 Classiﬁcation 1x1 conv 1x1 conv 1x1 conv

side 5 classification
1x1 convolution

+ Output: K edge probability maps {Y4,...,Y« }.

side 4 classification
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Example results on Cityscapes. Columns from left to right: Input, Ground Truth, DSN and CASENet. CASENet shows better detection qualities on challenging objects, while

- K: Number of object categories.

side 3 classification side 3 feature extraction 14
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- Yk( p) € [O’ 1] - Predicted ed ge pro babil |ty of o ixel p on side 2 classification § side 2 feature extraction g& g LE['_'_'_'_'_‘ DSN shows slightly more false positives on non-edge pixels.
g S It |H s .
_ _ : i ! ! 8 .| ! ! Metric | Method road | sidewalk | building | wall | fence | pole | traffic lgt | traffic sign | vegetation | terrain | sky | person | rider | car | truck | bus | train | motorcycle | bike | mean
the k-th class. side 1 classilication : side 1 feature extraction & 5 S d MF | DSN 854 | 764 | 826 |5L8| 565 | 665 | 626 72.1 80.6 | 61.1 | 760 | 77.5 | 663 | 845 | 523 | 673 | 499.4 | 560 | 760 | 68.5
S ! i, S (ODS) | CASENet | 86.6 78.8 85.1 51.5 | 58.9 | 70.1 70.8 74.6 83.5 629 | 794 | 815 | 71.3 | 869 | 504 | 69.5 | 52.0 61.3 80.2 | 71.3
. . ; .-

¢ End to end tra INA ble W|th d deep neu ral nEtWO rk - - AP DSN 78.0 76.0 83.9 47.9 | 53.1 | 679 579 75.9 79.9 60.2 | 75.0 | 754 | 61.0 | 85.8 | 50.6 | 67.8 | 42.5 514 72.0 | 664
L Lo CASENet | 77.7 78.6 87.6 49.0 | 56.9 | 72.8 70.3 78.9 85.1 63.1 | 784 | 83.0 | 70.1 | 89.5 | 469 | 70.0 | 48.8 59.6 78.9 | 70.8




