Object Detection 2

Xiaolong Wang



Mask R-CNN



Fully Convolutional Network (FCN)

Transpose Convolution

D, xH/4 X W/4 D, xH/4 xW/4
D; X H/8 x W/8

Input: High-res: High-res: S
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He et al. Mask R-CNN. ICCV 2017.
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He et al. Mask R-CNN. ICCV 2017.
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An additional head is added to predict
instance-level segmentation masks
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RolPool is replaced with RolAlign




Rol pooling

input

0.86 0.88




Rol pooling — RolAlign

Transform arbitrary size proposal into a
fixed-dimensional representation (e.g., 2x2)

Grid of bilinear

/ interpolation points

® ® ® e / (Fixed dimensional

representation)
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Interest
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(Variable size Rol) IS average of
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RolAlign
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Mask R-CNN
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Training the mask head




Example Mask Training Targets

Image with training proposal 28x28 mask target




Example Mask Training Targets

Image with training proposal 28x28 mask target




Example Mask Training Targets

Image with training proposal 28x28 mask target

28x28 mask target Image with training proposal




Binary Cross Entropy Loss on each pixel

Validation image with box detection shown in red

28x28 soft prediction from Mask R-CNN

(enlarged)

Soft prediction resampled to image coordinates

(bilinear and bicubic interpolation work equally well)

[

Final prediction (threshold at 0.5)

)




Binary Cross Entropy Loss on each pixel

28x28 soft prediction

Resized Soft prediction

o\

Final mask

o\

Validation image with box detection shown in red
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Mask Performance

align? | bilinear? | agg. | AP AP59 AP75

RolPool [12] max| 269 48.8 264
v max| 27.2 492 27.1

Sl LA v lave| 271 489 271
. v v max| 30.2 51.0 31.8
1 > v lave| 303 512 315

(c) RoIAlign (ResNet-50-C4): Mask results with various Rol
layers. Our RolAlign layer improves AP by ~3 points and
AP75 by ~5 points. Using proper alignment is the only fac-
tor that contributes to the large gap between Rol layers.



Mask Performance

' Faster R-CNN
, w/ EPN [27]

{7y7 : ! class
x256 | > 11024 |7 > 1024 |

Ro

box

L////

14x14 | |[14x14 ] , ||28x28] , ||28x28

Rol || X256 |x4 || x256 X256 X80
mask branch AP APsg AP7s
MLP fc: 1024—1024—80-282 815 3.7 32.8
MLP fc: 1024—1024—1024—80-282 31.5 54.0 32.6
FCN | conv: 256—256—256—256—256—80 | 33.6 55.2 35.3

(e) Mask Branch (ResNet-50-FPN): Fully convolutional networks (FCN) vs.
multi-layer perceptrons (MLP, fully-connected) for mask prediction. FCNs im-
prove results as they take advantage of explicitly encoding spatial layout.



Human Pose Estimation
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Human Pose Estimation

Human Pose GT generation




0.94 nose 1.00 left eye 1.00  right_eye 0.98 left_ear 0.98

/ nght ear 0 93 left_shoulder 0. 97r|ght shoulder 1.00 left_elbow 0.41 right_elbow 0.99

3 class ' q i ‘
—>| X7 1> 1024 | 77> 1024 —
Rol || %256 L3 box ‘ ‘ ‘

/ / / / left_wrist 0.91  right_ wrlst 0.97  left_hip 0.96 right_ h|p 0.97 left_knee 0.99

l1axia l[1ax1a] [|28x28]  [[28%28 g
Rol || X256 [x4|| x256 | || %256 > |x17 ".‘ 5‘ '

rlght knee 0.99 left_ankle 0.91 right_ankle 0.98
17 keypoint “mask”
predictions shown as
heatmaps with OKS
scores from argmax
positions

» Softmax over spatial locations (encodes one keypoint per mask “prior”)

(Not shown: Head architecture is slightly different for keypointskeypoints

» Add keypoint head (28x28x17)

» Predict one “mask” for each keypoint
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Hourglass Network for Human Pose

Newell et al., 2016



Hourglass Network for Human Pose




Cascade R-CNN

(a) Faster R-CNN

Cai et al., 2017



Cascade R-CNN

BO Cl|Bl g C2 B2 g C3|B3

Hl1 H1 H1

(a) Faster R-CNN (b) Iterative BBox at inference



Faster R-CNN

Region
proposals

Region Proposal

Network feature map

feature map

share features

CNN

"

Ren, et al., NIPS 2015



Cascade R-CNN

B0 Cl|Bl g C2]|B2 guC3|B3

il H2 H3

(a) Faster R-CNN (d) Cascade R-CNN



Cascade R-CNN

AP | APso APso AP70 APsgo APgo
FPN+ baseline 349 [ 57.0 519 436 29.7 7.1
Iterative BBox 354 | 572 52.1 442 304 8.1
Integral Loss 354 | 573 525 444 299 6.9
Cascade R-CNN| 389 | 578 534 469 358 158



