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Background
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approach with multiple
| steps (e.g., Mask R-CNN)

Can automobiles accurately
and quickly locate, classify
and segment Instances In
real time?
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FASSST Framework

We design FASSST (Fast Attention-based Single-Stage Segmentation NeT) for real-time
Instance segmentation. Using an instance attention module (IAM), FASSST quickly locates

target instances and segments with ROI feature fusion (RFF) aggregating ROI features from
pyramid mask layers.
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Working Flow

FASSST quickly locates target instances and

segments ROIs by following steps:

> Stepl, E = extr(F)

> Step 2, I = atin(FE)

» Step 3, R =fuse(R1, Ra, R3)

» Step 4, get the final instance segmentation
results S from R
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Visual Results

On COCO and CityScapes datasets, all existing instances can be located, classified and
segmented precisely in real time.
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Accuracy Results

FASSST achieves competitive accuracy using more compact backbone (MobileNet-54-

V2) for the main network body.

» The average AP of FASSST on COCO reaches 34.2, which outperforms various state-
of-the-arts and is only slightly lower than Mask R-CNN and SOLO.

Category Approach Backbone AP APso APy APs APym  APL
Pixe]-wise SGN [22] - 25.0 449 25.8 - -
SSAP [12] ResNet-101-FPN 29.4 481 28.8 - 28.6 -
FCIS [18] ResNet-101-C5-dilated 29.2  49.5 - 7.1 31.3 50.0
FCIS+++ [ 18] ResNet-101-C3-dilated 33.6  54.5 37.9 - - -
Proposal-based MNC [9] ResNet-101-C4 246 443 24.8 4.7 25.9 43.6
Mask R-CNN [13] ResNet-101-FPN 35.7 58.0 37.8 15.5 38.1 524
ExtremeNet [32] Hourglass-104 18.9 445 13.7 10.4 20.4 28.3
YOLACT [2] ResNet-101-FPN 31.2  50.6 32.8 12.1 33.3 47.1
Sinele_siase SOLO [28] ResNet-101-FPN 37.8 59.5 40.4 164 40.6 54.2
=T SipMask [17] ResNet-101-FPN 32.8 534 34.3 9.3 35,6 54.0
CenterMask [17] ResNet-30-FPN 32.9 - - 12.9 34.7 48.7
PolarMask [30] ResNet-101-FPN 304 51.9 31.0 13.4 324 42.8
Proposed FASSST MobileNet-54-V2 34.2 564  38.1 149 367 538




Performance Results

» FASSST reaches 59.2FPS on COCO and is 5.7 X faster than Mask R-CNN.

» Requires FLOPs (71.6G) and storage (36.3MB) on COCO, which are 3.8 X and 6.7 X
smaller than the Mask R-CNN.

» FASSST achieves 47.5FPS on CityScapes and 2.2 X speedup YOLACT.

» Requires FLOPs (112.8G) and storage (41.3MB) on CityScapes, which are 1.9 X and
4.6 X smaller than YOLACT.

Approach FPS FLOPs (G) Storage (MB) Approach FPS FLOPs (G) Storage (MB)
SSAP [12] 3.5 - - SegNet [1] 2.4 604.7

FCIS [18] 6.2 364.1 207.0 SSAP [12] 3.4 _ i

Mask R-CNN [13] 10.3 273.6 242.3 Mask R-CNN [13] 6.9 463.5 245.6
RetinaMask [20] 6.8 358.3 423.6 YOLACT-700 [2] 192.0
MS R-CNN [14] 11.5 , _ PolarMask-800 [30] 18.3 324.8 705.4
YOLACT-550 [2] FASSST-768 47.5 112.8 43.7
SOLO [28] 22.5 - 422.0

PolarMask-400 [30]  23.1 248.7 409.3

FASSST 59.2 71.6 36.3
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