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Significance and Challenges

» Deep Learning Success

Image & Video Speech & Audio

E
_ »MM"'
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> Factors:

Computation Resources: multiple GPUs for training
Large Data: multi-class, multi-granularity, multi-scenario

Simple Context: train/test under similar contexts with little changes

Text & Language




Significance and Challenges

» Challenges for Mobile Vision:

Limited Resource

Changing Context and Scenes
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Context-aware Object Motion Estimation

» Problem Definition: » Challenges:
* Detect an object from a moving camera, o _ _
then determine its motion status: still or » Existing object detection works: work

on a single image and cannot provide

moving _ YL « :
the object motion information.

 EXisting motion detection techniques
cannot provide either category or
number of objects within the moving
regions.

 All current motion detection works
cannot detect stationary objects which
are treated as the background.




Context-aware Object Motion Estimation

»Our ldea: Optical Flow Deviation: > Context-aware Motion Descriptor:

« An object-level motion descriptor
(CMD) is designed to represent the
object motion behavior.

« CMD utilizes the surrounding contexts
o of the target object within a video
T frame spatially and two consecutive

SE S video frames as captured by a moving
e il 5 6 8 % 35 § o6 § 5 0 0 S camera temporally.
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Context-aware Object Motion Estimation

»CMD:
» Step 1: Context-Aware Histogram of In each rectangle, each flow vector is
Oriented Optical Flow binned according to its primary angle
— from the horizontal axis and weighted
h/2 |T°f':’ according to its magnitude.
. . e .
TP
:T - For an optical flow vector v = (X; y), its
he . orientation Is defined by
. . Left
. Bettom cos™! ((Ig+§g)1,g> v ity =0
: Baks = f = ool . L : 6 = <
«W/2 - k 2r — cos ™! ((¢2+$2)1I2) , otherwise




Context-aware Object Motion Estimation

»CMD:

* Step 2: Measure the flow field inconsistency.

* A straightforward way:

L, iffo(b) > f'(b)
up(t) =
0, otherwise

Moving: 1: [11111111] or 0: [00000000]
Stationary: [00001111] or [11110000]

Problem: some stationary objects may also produce all 1:[11111111]

binary vectors due to their radial direction deviations 10



Context-aware Object Motion Estimation

>»CMD:

 Step 2: Measure the flow field inconsistency « Step 2: Orientation-Wise Soft Margin
""""" Operator

y - Dominant .
ub (Z) -_— s TmmImEmEmm—m—— direction in Straightforward Improved HOOF
Dense optical flow HOOF compari?m— —— [ S |y

each \
0, otherwise e L M
o ,,,/-’ L 17 =1
o — : . — . o - _x l I o - I
- | |
K(fi(b)) —ma}{f“(b’) IDI Nt R I P
b"‘l ,.,.,,,.A_,,,,,,—f’ = I = I
== L ) =2 P
C el R I
where ¥ =b—46,....,b—1,b,....b+ & and § is subject to
» » » Y b
11...11 11...00
b _I_ 6 b — ,5 —_ ]_ Produced binary vector Produ(.:ed bina.ryp.rector
Ae e 2?‘[’ —_— 2’}]’ for object dominant for object dominant
B B direction {red color bin direction {red color bin
in HOOF) in HOOF)
20 +1 "

T
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Context-aware Object Motion Estimation

»CMD:

« Step 3: CMD Construction
* EXisting:

+1

-q

c(up + 1) = c(up + 1)
* Proposed:

c(up +1) = c(up + 1)

\--------

’-f------
~h
S
AN
o
S

Original flow vector distribution information
residing in the object HOOF is missed

Normalized flow speed (magnitude) value
added

12



Context-aware Object Motion Estimation

> CMD:

P - Bin 1: (00001111] 1
V304N Bin 2: (11010000] x>
e Step 4. e L = -—) —
Concatenation - ,,- Bin 360: (11110000]
histogram of o Bin 1: (010000111] ><2L2

s : L Bin 2: (110010000]

binary vectors s BN Y™ - = =
from pyramid — Lan

e Bin 180: (11110000
HOOF. - )

e Bin 1: (00011111] i
” ‘ » Bin 2: (10010000] ><2+6
A e = = -
e~ 'E;I'n 12:(11110001]
Orientation  Pyramid Binary vector by Histogram of binary Concatenation of

proposed direction- vectors from weighted histogram

resolution  HOOF .
wise HOOF comparison pyramid HOOF of binary vectors 13



» Evaluation:

 Data: 23 video clips,
eachclipis3to5
minutes with a frame
rate of 30 fps.

e Resolution is
1200*900 pixels.

14



Context-aware Object Motion Estimation

» Results:

Image background | Accuracy
Little motion 0.93
Partial motion 0.90
Dense motion 0.84

Vehicle scales (pixels) | Accuracy

300, 00) 0.89

100, 300) 0.92

30, 100) 0.90

Camera-vehicle relative speed | Accuracy

Svehicle - 0 091
S'vehicle < Sca.mera: 0.87
S'vehicle > Scamero: 0.93
S'vehicle ~ Scamera 0.89
Ovehicle! — Ocamercr. 092

15






Context-aware Domain Adaptive Object Detection

»Unsupervised domain adaptation for object detection:

1) Labeled Source Images ‘ Predict the objects with
2) Unlabeled Target Images domain shifts

» Limitations of existing works:

» Focus on improving the domain adaptability of region-based detector family.
» Aligning the instance-level features between domains by means of RPN module.

» For region-free detector family having no RPN module, these works cannot
successfully align the instance-level features between domains.
» Performing the cross-domain adaptation without considering features from different

semantic levels and scales.
17



Context-aware Domain Adaptive Object Detection

» Adversarial learning for domain adaptation:
_ oL,
oL, y
-
E> E> E> a E> g E> I:> E> E(’]‘dss label Y
L4 -
Y.

%* \ v
feature extractor G¢(-;0y)

{ 2

forwardprop  backprop (and produced derivatives)

However, such a domain discriminative network cannot encode the domain-

invariant information from multi-level semantics 18
Ganin, Y., and Lempitsky, V. Unsupervised domain adaptation by backpropagation. In ICML 2016.



Context-aware Domain Adaptive Object Detection

» The proposed method:

" 7 .
Labeled Source Images \ Feature Extraction Netwprk > Pl |
o :
N i - )
; ] |
1 Pl —
. . : / I—cls .
I _____________________________ > aee e I
. 4 \ L .
.”—' loc I
................ : U
| A
([ Multiple DSEMs | ~» P |— I
Detection Heads [
E: Foreground Enhancement
- : The j-th Domain-related Encoder I : Gradient Reversal Layer I
- : The j-th Domain Classifier I

i : Prediction Layers l

We propose a densely semantic enhancement module (DSEM), which can be
easily inserted into different region-free detectors such as SSD, RefineDet, to

enhancement the cross-domain detection accuracy for the target domain.
19



Context-aware Domain Adaptive Object Detection

»DSEM (Act as the Domain discriminative network):

Densely- :
Foreground - Multi-scale - Adversarial
{ Enhancement J { connec.ted J - {Feature Encoder Learning

Encoding

seg

i_b _‘.L
Yin

CONCAT

[ H 0 )

1x1

Ladt

Upsample

Ladv

7
m) ,
Learning

4x4 different spatial
i combinations

AN

Foreground Enhancement Multi-level Semantic Representations \ |
8x8

i : Features From Backbone [U : Soft Foreground Mask O : Element-wise Multiplication Operation . : Domain Classifier
Multi-scale Feature Encoder

: Kernel Size=3x3, Dilation=1 : Kernel Size=1x1, Dilation=1 [&li{8l: Gradient Reversal Layer n=5pmialEﬂmdcr

The domain discriminative network is endowed with the ability of encoding multi-level

semantics and multi-scale features.
20



Context-aware Domain Adaptive Object Detection

»Overview of foreground enhancement:

Segmentation mask from the target domain is not available

|

|

|\ - " " - - 0000 | Ladv :
i |

|

|
|
' |
I |
e e e —— |
| . [ W . o |._ o o -
3 H |—Relu ¥ H; —|Relu=—~ H || —| Relu i Pool == " H,,— 'Lseg
| I Il |
| si2fiters |1 SI2filters |1 512 filters : i
|

H31 : Kernel Size=3x3, Stride=1 @ : Element-wise Multiplication Operation

Pool| : Kernel=3x3, Stride=1, Pad=1 : Gradient Reversal Layer

21



Context-aware Domain Adaptive Object Detection

» Total Loss Function :

nF1’iFI)1 Lt (F.P) <= Source Domain Detection Loss

- d . .
max min Leeq (S) — L‘f;‘eg (Dyy) «m Adaptive Foreground Augmentation Loss

seg

nj
- d :
rn,ag< I’TF1’IF[1 L (F,P)—A4 j; Le} '(H TR W  Adversarial Loss

1) Source Domain Detection Loss: Ensure detection network can learn sufficient knowledge
2) Adaptive Foreground Augmentation Loss: ensure foreground augmentation can be adapted

3) Adversarial Loss: Align the features of the source and target domains

22



Context-aware Domain Adaptive Object Detection

» Experimental Results:

> Ablation Studies: 1) The impact of foreground enhancement
and multi-level semantic representations on domain adaptability;

Method | ORI {:{} 1=0 ‘le {:3 1=3 |{:4| [ ]
with FE w/o FE with FE with FE w/o FE with FE
SSD | 27.6  33.6 31.0 358 38.1 36.6 37.1 Foreground Enhancement
RDet | 22.8 277 25.7 293 347 338 34.0

Multi-scale Feature

» Ablation Studies : 2) Encoder Method L
The impact of multi- 5 55D 27.6
roposed SSD w/o(P) 38.0

scale fea_tu re enCO(_j?r Spatial Pooling Proposed SSD with P_124| 39.1

on domain adaptability ; Modules with Proposed SSD with P_12438 40.1
Different Sizes RDet 22.8

Proposed RDet with P_1248 36.7

Proposed RDet with P 124 35.2

Proposed RDet w/o P 34.8

23



Context-aware Domain Adaptive Object Detection

» Experimental Results:
» Natural Images to Anime Images:

Method G L DN-8DN-32P-A|aero bey. bird boat bott. bus car cat chair cow table dog hrs bike prsn pint sleep sofa train tv |mAP

A SSD [13] 209 56.2 20.3 164 9.5 38.1 33.9 10.9 37.6 22.9 22.6 10.6 22.6 489 433 352 7.3 302 362 275|276
Niffere /"~ L-SSD v 20.8 582 19.2 174 11.9 47.1 386 11.0 354 229 229 16.2 235 503 456 36.6 9.5 333 39.0 31.1(29.5
G-SSD V 19.6 553 21.5 19.8 8.1 459 32,1 6.9 37.1 22.7 26.1 10.6 248 59.5 456 345 11.8 345 412 32.1|295

REgIC G-L-SSD N Y 20.7 62.2 21.6 22.7 204 44.8 348 94 38.8 247 26.5 10.6 22.7 64.1 48.6 36.1 10.2 324 439 346(31.5
CE LW-SSD v o 4 19.8 484 274 262 25.1 622 40.0 7.3 389 384 251 7.7 141 65.6 534 41.5 14.1 344 496 485|343
Detecto 4 v 20.5 58.9 29.1 27.1 27.3 54.5 39.1 11.3 409 42.5 30.2 12,9 29.3 752 56.9 453 16.1 39.6 57.3 48.9( 38.1
Proposed SSD v v 23.8 63.8 27.3 27.9 31.2 60.5 41.2 16.7 452 47.7 38.6 163 27.4 77.6 58.2 49.2 17.1 31.5 50.9 48.2(40.1

. ~ ¥ o~ [259 623 30.1 342 27.0 774 472 12.2 459 48.8 40.1 11.8 28.0 75.5 62.8 43.4 23.7 37.7 619 48.4]|42.2

Rgon RDet [15] 20.0 41.5 21.7 17.5 25.8 46.2 240 109 347 12.5 245 16.2 17.9 488 323 39.8 3.0 20.3 35.0 26.6(26.0

v 20.3 55.0 25.1 17.5 50.7 52.5 27.3 17.5 36.4 20.5 194 17.9 23.0 65.3 43.6 48.1 12.6 23.6 444 41.6(33.1

Proposed RDct] ~ v 24.1 58.3 29.1 26.2 46.4 61.0 39.5 17.5 443 449 259 16.8 28.1 65.1 60.9 494 189 30.8 56.3 50.6( 39.8

v v  ~ 289 71.7 31.8 193 447 693 44.6 24.1 404 39.8 22.5 22.2 30.5 924 63.8 51.0 16.1 32.1 67.0 56.4|43.5

~ SSD*[13] 23.1 59.8 23.1 15.0 18.0 58.5 40.8 15.1 41.5 40.1 33.4 20.1 29.8 58.9 49.7 253 184 30.5 41.8 43.8(343

Proposed SSD* v v 27.9 62.1 29.7 289 38.6 81.5 50.7 149 49.5 56.1 40.2 15.6 38.7 73.4 60.5 39.5 21.5 41.3 63.1 51.7(443

RDet* [15] 26.0 559 28.0 254 344 523 451 164 52.8 259 26.8 19.1 40.7 503 46.1 41.3 16.1 29.6 47.3 32.6(35.6

Proposed RDet* v v 30.0 60.3 39.1 30.6 554 69.2 55.6 27.5 51.3 52.1 37.7 26.7 433 77.0 72.0 59.0 26.5 43.1 649 56.1|48.9

WST+BSR [37] 28.0 64.5 239 19.0 219 643 43.5 164 422 259 305 7.9 255 67.6 545 364 103 31.2 574 43.5(35.7

Faster [10]* 157 319224 82 388 594 178 6.6 37.0 5.7 127 72 174 49.0 36.0 32.1 11.2 29 298 284|235

Faster [10]* 35.6 52.5 243 23.0 20.0 439 32.8 10.7 30.6 11.7 13.8 6.0 36.8 459 48.7 419 16.5 7.3 229 32.0|27.8

. DA-Faster [43]*| ¥ 15.8 33.9 22,5 148 249 48.7 27.9 12.5 32.7 355 21.3 179 17.4 55.0 48.5 348 11.4 21.3 47.1 37.7|29.1

Regiont e ster [421°] ¥+ 4 160 532 27.5 21.6 32.0 484 32.4 122 325 27.3 123 13.1 243 624 555 412 21.0 132 378 46.1|315

based G-L-Faster [42]*| ¥+ ¥ 26.2 48.5 32.6 33.7 38.5 543 37.1 18.6 34.8 58.3 17.0 12.5 33.8 65.5 61.6 52.0 9.3 249 54.1 49.1|38.1
ICR-CCR [39]* 28.7 553 31.8 26.0 40.1 63.6 36.6 94 38.7 493 17.6 14.1 333 743 61.3 46.3 223 243 49.1 443 (383

DD+MRL [36]*| ¥ ¥ ¥ |25.8 63.2245 424 479 431 37.5 9.1 47.0 46.7 26.8 249 48.1 78.7 63.0 45.0 21.3 36.1 523 534|418

G:Global Alignment Common offer Improvements to 24

L:Local Alignment region-free detectors



Context-aware Domain Adaptive Object Detection

» Experimental Results:
» Natural Images to Ink Painting Images:

TABLE 111
RESULTS ON ADAPTATION FROM PASCAL VOC TO COMIC.
THE EVALUATION OF TARGET DOMAIN AND SOURCE DOMAIN IS ON THE TEST SET
OF COMIC AND TEST SET OF PASCAL VOC 2007, RESPECTIVELY. THE
DEFINITION OF DN-8, DN-32, AND P-A FOLLOWS TABLE 1.

. Source
Method If;; 31;[ P-A Target Domain Domain
bicycle bird  car cat dog prsn mAP| mAP
SSD [14] 21.7 12.8 344 11.0 146 444 [23.1] 814
N 39.7 152 226 149 259 50.3 |28.1 81.1
SS[EE:;;EMS J 496 182 26.6 28.8 308 463 |33.4| 80.1
i J 4| 57.8 222 322 28.5 329 56.8 |38.4 79.5
ADDA [32] 39.5 9.8 17.2 12.7 20.4 43.3 |[23.8 \
DD+MRL [45] \ \ \ \ \ \ 34.5 \
WST+BSR [46] 50.6 13.6 31.0 7.5 164 41.4 |26.8 \
DT [47] 43.6 13.6 30.2 16.0 26.9 48.3 |29.8 \

Common Improvements to region-free detectors 25
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Context-aware Domain Adaptive Object Detection

\J35%

» Experimental Results:
» Sunny Images to Foggy Images:

TABLE V
RESULTS ON THE VALIDATION SET OF FOGGYCITYSCAPES. THE DEFINITION OF G, L, LW, DN-8 AND DN-16 FOLLOWS TABLE 1. ORACLE REFERS TO TRAINING THE
DETECTOR ON THE LABELED TARGET IMAGES.

Method G L DN-8 DN-16 | bus bicycle car bike prsn rider train truck mAP

RDet [16] 243 289 38.0 218 26.1 285 83 6.6 22.8

( L-RDet ) J 320 333 446 26.8 308 343 200 127 29.3

G-RDet J 31.9 321 443 27.0 303 339 202 16.2 29.5

Region-free G-L-RDet v A 33.5 33.6 46.7 30.1 324 347 253 155 31.5
\_LW-RDet / v o 33.8 321 452 26.7 314 353 258 143 30.6

f J 40.7 353 551 274 348 385 265 190 34.7
RDet+DSEMs (ours 7 V| 408 353 562 312 359 381 349 212 367

Oracle 419 387 633 333 399 428 318 273 39.8

Faster [11] 223 265 343 153 241 33.1 3.0 4.1 20.3

DA-Faster [52] J 25.0 31.0 40.5 22,1 353 202 200 27.1 27.6

G-L-Faster [51] v o 36.2 353 435 30.0 299 423 326 245 34.3

Region-based MAF [49] 399 339 439 292 282 395 333 238 34.0
ICR-CCR [48] 45.1 346 492 303 329 438 364 272 37.4

DD+MRL [45] 384 322 443 284 308 405 345 272 34.6

Oracle 51.9 37.8 53.0 36.8 36.2 47.7 410 347 42.4

G:Global Alignment Common offer Improvements to 26

L:Local Alignment region-free detectors



Context-aware Domain Adaptive Object Detection

» Experimental Results:

Original Images local alignment can only global alignment DSEM can capture

capture detailed ignores multiple multi-scale instance

27

features instances information



Context-aware Domain Adaptive Object Detection

» Experimental Results:

1N

3.8

i,‘
[/
3

Art Painting Dataset Cartoon Dataset Ink Painting Dataset

28



Context-aware Domain Adaptive Object Detection

» Experimental Results:

b car0.999 car 0.814

person 0,934? L !‘ ‘:

1,

Without DSEM Adaptation With DSEM Adaptation 29



» Static PID: Detect abnormal persons from static scenes captured by a
fixed camera

o B o
o B =
— 1K A ] =
2 ” » s
! | [
i
g d' i
= - ol N -
| i
Y ¥ o
e 1 : B

[1]Chen CH, Chen T Y, Lin Y C, et al. [2]Liang K M, Hon H W, Khairunnisa M J,

Moving-Object  Intrusion  Detection et al. Real time intrusion detection system
Based on Retinex-Enhanced Method for outdoor environment

‘ e

[3]Wang J. Research and implementation [4]Zhang M, Jin J S, Wang M, et al.
of intrusion detection algorithm in video Pedestrian intrusion detection based on 30
surveillance improved GMM and SVM



Context-aware Dynamic Pedestrian Intrusion Detection

»Dynamic PID: » Our Method:

Input Output

Aol Segmentation + Pedestrian Detection

31



ST
Share I T‘s.: 8 > > .= !
|H_8_E_E_E_g | II
Backbone |l | L[ | &[ | S]] &[]8]]|& | [
|: .E E iz ! [
- |
1t S Y Iy l
I: = mul Feature| Map I
) I S | ! [
= l
|: th ’ mul —d—} el
Input image g d o i Bl e — !
IERIEIBIEIE:
LUERERERERERE
Hall8 > o =
o —_— w2
I BT

_____________________________

PIDNet mainly consists of a segmentation network in the upper branch
and an object detection network in the lower branch

Intrusion Detection

32



» Feature Sharing Design: » Feature Cropping Design:

Input Image Input Image
MBR Expand
SP | CP | SP | CP |
64, 3*3 conv 4xdown 128, 5*5 dwconv 4xdown
128. 3*3 conv 8xdown 256, 5*5 dwconv 8 xdown
| | | | Feature Cropping Module (FCM)
256, 3*3 conv 16xdown 512, 5*%5 dwconv 16xdown
ARM ARM
L A J
Concatenate Concatenate
Bcakbone of BiSeNet Our Approach

{ Fmﬂr = &l Ymax — Ymin) + Ymin (1)

High level: context information Xmax = @(Xmax = Xmin) + Xmin

Low level: spatial information Ymax = {Y;,,M;SJ + L Xmax = {x;m; SJ +1 @)
Umin = [Yoin/s] — L.Xmin = [Xmin/s] =1

33



Context-aware Dynamic Pedestrian Intrusion Detection

» Feature Compression Design :

| Classification
R Rol 4 global average / FC FC /
‘}" Polling poohng 4096 4096/ \
_- Regression
(a) Faster R-CNN
¢ » Classification
Rol FC /
>4
Pro;;osal K Polling o 2048 / \
Y, Regression
(a) Our Approach

34



Context-aware Dynamic Pedestrian Intrusion Detection

» Dataset Comparison

Cityintrusion Dataset

Image Cityscape Cityperson 35



Context-aware Dynamic Pedestrian Intrusion Detection

» Dataset:
Cityintrusion Dataset

_

Cites

Images 2303 398 2701
Intrusion Cases 3829 770 4599
No-Intrusion Cases 12691 2393 15084
Cases per image 7.2 7.9 7.3
Intrusion Rate(%) 23.2 24.3 23.3

1
PID AP = N Z max pre(c,p)|re(c.p) =2 r (3)
re{0,0.1,0.2,...1}

tp=tp+ Lif(IoU > 0.5) N (c > ct) N (p > pr) (4) 36



Context-aware Dynamic Pedestrian Intrusion Detection

» Experiments:
Results-Table

010 map | pip ace

(a) PSPNet+Faster R-CNN res101+vggl6 29.8 57.4 0.09 202.8
(b) ICNet+Faster R-CNN resnet50+vggl6 34.5 61.1 0.15 184.6
(c) BISeNet+Faster R-CNN resnet 18+vggl6 36.7 63.1 0.18 150.7
(d) PIDNet BNet-resl18 36.7 63.3 9.6 105.8
(e) PIDNet BNet-res101 49.2 67.1 54 138.7

The rows a, b and ¢ in the table represent results obtained using two existing networks, and
rows d and e indicate results obtained using our network.

PID mAP, PID Acc are the evaluation metrics of dynamic PID.
37
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h.:f Context-aware Dynamic Pedestrian Intrusion Detection

» Experiments:
Results-Images

| R4 >
3 1%y =
’
/
\

\ --

Groundtruth PIDNet(BNet —res18) PIDNet (BNet — res101)




» Experiments:

Ablation Study

SP+CP 97.8 69.6 59.8 12.5
SP+CP+5*5 98.0 /1.5 61.1 14.1
SP+CP+5*5Dw 98.0 /1.5 61.1 11.7
SP+CP+5*5Dw+Add channel 98.0 72.8 63.3 12.2
Ablation study on the shared backbone

v 61.5 3.6

v v 60.7 6.4

v 61.4 6.1

v v 63.3 2.9

v v 61.3 7.4

v v v v 63.3 9.6

Ablation studies on feature cropping module and network compression

Context-aware Dynamic Pedestrian Intrusion Detection

39



Context-aware Rapid Semantic Segmentation

»Semantic segmentation:

» Task definition: The image semantic segmentation task is dividing the pixels of an
Image Into two or more sets, each set represents a specific semantic.

40



» Lightweight networks focus on four indicators:

» Inference speed

» Number of parameters
» FLOPs

» Accuracy

41



Context-aware Rapid Semantic Segmentation

» The high-accuracy networks: 500 DecpLaby3
o @ PSPNet
) 80.00% | =
» Have a larger number of parameters = -
S W% ’ RefineNe
» Causing heavier computational cost g DFANet A @ BetineiNes
5 70.00% J
> Difficult to meet the real-time requirement 2 g . ® ERFNa
on edge devices. 3 P ESPNetv2
] . j,:’ 60.00% | e SQ
» Lightweight networks: S o SegNet
55.00% e P - 44 ia P44 eaaiy
» Sacrificing the prediction accuracies L 1 10 100 1000
Parameters(M)

Our EADNeEet is on the left top of the figure, and achieves the best trade-off of parameters and accuracy.

42



Context-aware Rapid Semantic Segmentation

» Motivation and Objective:

» Problem One: There are lots of irregular rectangular objects with different scales in urban street

1mages, traditional square receptive field of network can not effectively matching these objects.

|
. > Problem Two: Lacking the convolution block which can extract context multi-scale multi-shape with
: less parameters and lower computation cost.

|

Il mismatching |™ W W
’ HEEE
HEN

43



» The proposed method:

» The receptive field of 1*3 and 3*1
asymmetric convolution group with
the same dilated rate equal to 3*3
convolution.

» The anchor boxes in faster R-CNN
can capture the features of objects
with different sizes and shapes.

Different dilation rate‘

Multi-scale multi-shape receptive field

asymmetric dilated convolution + anchor boxes in faster R-CNN

44



Context-aware Rapid Semantic Segmentation

» MMRFC block:

» Bottleneck + Highpass way structure

» Depthwise conv and dilated conv in each
branch
» Each branch captures multi-scale multi-shape

receptive field

» Transform-fusion does feature mapping and

. Output

45



Context-aware Rapid Semantic Segmentation

> EADNet:

» Three special designed down sampling blocks in different layers.

» Skip connections to combine detailed information and semantic information.

46



Context-aware Rapid Semantic Segmentation

» Experimental results:
» EADNet is the smallest semantic segmentation network amongst state-of-the-art networks.
» EADNEet achieves a competitive performance in CamVid and Cityscapes dataset.

» EADNEet has fast inference speed, less FLOPs and strong feature extraction ability.

FPS, FLOPs, parameter size and mloU comparison on Cityscapes test set

method Pre-train  Inputsize Inference time(ms) FPS FLOPs(G) Parameters(M) mloU(%)
SegNet ImageNet  1024*2048 152.68 6.55 1310 29 57.0
SQ ImageNet  1024*2048 88.19 11.34 501 16 59.8
ERFNet _ 1024*2048 43.71 22.88 103 2.1 68.0
ENet _ 1024*2048 36.9 27.11 22 0.37 58.3
DFANet A ImageNet  1024*2048 26.91 37.16 28 2.0 71.3
ESPNetv2 1024*2048 24.58 40.69 23.5 1.3 66.2

ours 1024*2048 23.98 41.7 18 0.35 67.1 47




Context-aware Rapid Semantic Segmentation

»> Experimental results:

Visualization result on Cityscapes test set

Experiment result on CamVid test set

method Input size FLOPs(G) mloU(%o)

SegNet  960*720  427.34 46.4
———— : DFANet 960720  9.03 64.7
Ours 960720 599 68.3

(a) Image (b) ENet (c) EADNet (d) GT
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