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A Study on Lane Detection Based on Split-Attention Backbone Network
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ABSTRACT

This paper proposes a lane recognition CNN network using split-attention network as a backbone
to extract feature. Split-attention is a method of assigning weight to each channel of a feature map
in the CNN feature extraction process; it can reliably extract the features of an image during the
rapidly changing driving environment of a vehicle. The proposed deep neural networks in this paper
were trained and evaluated using the Tusimple data set. The change in performance according to the

Received 5 October 2020 number of layers of the backbone network was compared and analyzed. A result comparable to the
Revised 13 October 2020 latest research was obtained with an accuracy of up to 96.26, and FN showed the best result.
hesgpizd 21 Qsivber AUAD Therefore, even in the driving environment of an actual vehicle, stable lane recognition is possible
© 2020, The Korea Institute of without misrecognition using the model proposed in this study.
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14 5h= AFE ¥ (computer vision, CV) 71&- &) 2 Aol A 713 FAF2 o=
holth. 53], 2Hd <14 71ed APl = 718 71 2e1dA g $83 7Ie T sty

olth dAl &3t AFel= ol A U4 71&s VNS Z & ADAS Al ZEl(Yoo et el., 2020)°] &=
o] a1, T 7IEs 7INe R AFHR] A& T3 v|so] HLEH ok A A4 Ve HE JAF 4
74 " (artificial neural network, ANN) =+ | 2]d(deep learning, DL)S 7|¥FO.2 3 Aol AF2 < HFE
HA 7|3 sty £ AL 2AFH AT (Neven et el, 2018), oF¥ = AFo| A o] A Q14 =&
Akt BERFo R QlE] 3] ol EARE doldnh AAZE, A& TS s 2 Q1AL AT
AAAZE AdFslr] W, Ao A o] FojHof stal, o] AGAR] Ast ASOE o]olXit). Aol A

© FYAY FHRE 93] 15 PCol ALHE 52 WY& 8738l ZEAAE AT F fith F WA
2, A4 BEZA diEolth A AT A4, Azt wEt £ B9 g, @ Fol 3454 '
2 ¢ glon, ol AZHH g;@ﬂo; olojzit}. 2] olefdt AlAF ERAS W S5 HolEE &
e | 2ldY 5474 24 g5S o offA wEH, 2 AgEE 4] & dclo] At

B =FdAs, oln] 7]&9] AFdAM £ H5S Hol= o|n]A] ET(image segmentation) H2]e] HITS
AHEITHChen et al, 2018). ©|u]A| 3 A& o H
CNN) o2 FA " E7 3% dyg]E(feature extraction algorithm)E ©]-83]4 o]n| 2|9 EA (feature) S %

3k, & EHOZHE ouX 9 £F A S(segmentation map)E TA3HE WA O F, ojn] B A <l

173 "H(convolutional neural network,

A A AF&HY] ]—an olm A B& W9 ol7|elx= 4 FZ7](feature extractor)®] A%o] A7
ge] gl A% 31‘11 e Foh mEbA, olmA| £ e 5 F2719 Aol A Aol A A
2 S Foh

2 =FdXe 54 FZ7] 2 Resnet] ¥ (variant)?] ResNeST HIEY IS AF-8-3}% Th(Zhang et al., 2020).

Resnet(Zhang et al., 2016)-2 7|2 AZ 21747 (deep neural network, DNN)l| Zte] Q)& (residual input)S 7}
st EY IR, 7]& HENZY 7]1&7] &4 #A(gradient vanishing problem)E 3| 23+ DNNol|A £ A

S HAZET ResNeSTE Resnet©ll sp11t—attent10n7HLé.‘ S F1 YEYIR, EF FZ AN EAW
(feature map) 2] A'd(channel)oll 715 ] (weight) & =

II. Resnet @ CNN

1. CNN

oju]z] Q14 Fofol| Al AHE-E]= DNNO| -, o1& 7€) BH(filte) S 7H& S48 = ATS BokA T4
Z7]9] CNN9| A, &2 59 #Holog Ak dE 59, ILSVRC 2012 H3]oA & H4& AE
AlexNet(Krizhevsky et el., 2012)2] 735, 571] A7 #oloj} 370 & A2 g o] o(fully connected layer, FC
layer) S AHE-3FATE AlexNeto] & Aol =, YEY L FAF dolol 5 58 ¥ & 54 FE2 A4S
dA e o2 Al J3YE A THSzegedy et el, 2015). IA 7= Holoj7) BoldsE o] & A3
D& T AAUARL, S5 Aol A ARR-E = AL 3F43H (gradient descent)(Ruder, 2016)°] 577, #lolo] 47}

_lﬂo

l:

m{ru
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U oS A HH 238 ALt o= HAF A4 A (gradient vanishing problem)(Hochreiter, 1998)
7} BAYEHA At ol2gt BAE sd3sy] 8] A EF A2 (skip-connection)S AFE-3F= Resnet©] A|QFE AT

2. Resnet

Resnet?] 71 2 542 A A4 (skip-connection)S AHE-3HTH= Z10]t), Resnet <Fig. 1>9} 2o Ay
AAE A3 residual blocks 2] 7 At VEYAE TS o] A A4S 53, Resnet
3k Ao A HAF A ZAE AsHY O 42 UEYINAE 5T F A HAoH, 71E dFolA
AAE A= vwd e o 52 559 B FE5& 7 ok mEkA g2 ouA] 14 IF A

Fofol| A Resnet2 HWE Y ELIZ g3t}

residual input

Convolution
Convolution

<Fig. 1> Residual block used in Resnet

3. Resnet BEg gl

Resnet o] o= A J2& JUZ AREtAA F714Q 71H-E& AFE31E Resnet #3822 E(Resnet
variants)©] S T7E At} SE-Net(Hu et al., 2018)2 WE YE FoA F&3 EAo g 755 Fo35

of $23%% 5L ®ol Efsta e AdeM © 8L ARE FEIEF UEHIAE FASNT

SE-Net Block SK-Met Block ResNeST Block

Cardinal 1

___________________
Conv, 1x1 1 Split 1 Splitr !
' |jmo—————- 1 mmm - 1

1
1 1 ! I|
: Conv, 1x1 |1 : | Conv, 1x1 I:

1 1
Conv, 3x3 Cony, 1x1 Convy, 1x1 : 1 1 : l l:
Group = 32 Group = 32 ] : 1 :I
1| Cony, 3x3 |1 : | Conv, 3x3 |:

! 1 ]

1

Split Attention

Split Attention

]

<Fig. 2> Comparison of Blocks used In SE-Net vs. SK-Net vs. ResNeST
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SK-Net(Li et al, 2019)2] 4§, E4 F& AAlM YEYI F /M9 2P (branch) & 1M F 749
A2 O 45 goloE AMEst 5SS FEA B AolA HE UESAE AFE]E ResNeSTY
A=, B4 FF FAHANA S U(feature map)2] A'E-E cardinality 1522 YT, UHZ IHF YolA
EAWE O radix® Urol 2 B Aol XS A 838k Split-Attention A& ARE-3ITH

. Agkshe 29

2 =M HE U EYZ(EA FZ7]), Reshape Layer, Output Layer(Ko et al.,, 2020) 34| 522 o] Fo]
22 Q1A mdl gl 7} AlFo A AR W dial] AlFgE o Aol A= 2 AT AR T2
w3l A3, Output Layeroll A AH-3HE loss 37 2 A7 E4 W (output feature map)= |83t o€ A
A ARE =R At

)N
AN
-
L 1

Backbone network Reshape Layer Output Layer

<Fig. 3> Overview of network architecture. Output Layer generates 3 feature maps(confidence, offset, feature)

1. M2 I EQ3(backbone network)

B2 CNN7IWE 2dllof|l A, 7]&9] | 2d WESAE E7 FZ(feature extraction) S 913H W& W EL|A=E A}
L3t B YEA I AAs EES 5HE 5Y31A %SEL oA oAy EAS FE31] 9% HHo=
AHE3It) o E9], Faster-RCNN(Ren et al., 2015), Mask-RCNN(He et al., 2017), Cascade-RCNN(Cai et el., 2018),

HTC(Chen et al,, 2019) 52 2 4%S YTt § 894 UWEYIE ResnetS 54 F27|2 ARSI

weba ol2gk ME WEIE At 54 UMW (feature embedding)S FE3tE | Y UES A=
AA F+2E wpA g B4 %—éﬂ‘i% ’SM O 22 A45E 48 F 3tk £ =F4= Zhang et
al.(2020)9| A A|Qet ResNeST W EHIE WE o7 A3l EAL FE3T)

1) ResNeST HESIZ

719 A3 Ao A, ResnestE WE W EIZ AR o} 7€l X 7} 2] A (state-of-the-art) 0} B %] 2} H] 2 3}
A} o]u] x| H-F(image classification), 24 12 (object detection), Q12212 #-E(instance segmentation), <] 7| &2
- (semantic segmantion) 2] CNN 7]HF Eofo|A o] & AT E A& F ASS HF3 3t} ResNeST
=EoA 28t U= olvA] ET(image segmentation) A5 HlnlE <Table 1> ZTH(Zhang et al., 2020).
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<Table 1> Performance comparison in bounding box detection and image segmentation proposed by ResNeST

Method Backbone box mAP% mask mAP%
= DCV-V2 ResNet50 427 37.0
g
= HTC ResNet50 432 38.0
) Mask-RCNN ResNet101 399 36.1
Cascade-RCNN ResNet101 44.8 38.0
ResNet50 38.97 36.05
ResNet101 41.78 37.51
~ Mask-RCNN
g ResNeST50 42.81 38.14
o ResNeSTI01 4575 40.65
g ResNet50 43.06 37.19
g ResNet101 4479 3852
—~ Cascade-RCNN
ResNeST50 46.19 39.55
ResNeSTI01 48.30 41.56

2) Resnet vs. ResNeST

Resnet2 ©]5ollA & —’F 5ol o2 79 residual block?] FHE TZZ o|Fo]A Al Resneto
residual block& F 79 &7 dololet Ak AZd o7 FALT) ResNeST W E Y I Resnetd} 7|8 27
<& H|5=3}ATE Residual bottleneck blocktlA! Split-Attention £-Z-©] AR T} Split-Attention &35S 53
ResNeST W ES A= EAQW 2 Aol 72 & Foste o AGS EA F30] 7Hedtes St

2. Reshape Layer

Reshape Layer+ backbone VIE$]Z9] %5 Output Layer®] Y& 0.2 ARE-317] 913k AlFolth W& YE
Aol 512x256x3(wxhxe) oFIAE YHOE WS A9 A} ®lA(tensor) 7= 2048x8x16°]Th.
Output Layer®] 4% ®lA Z7]= 128x32x64E, Thgdt e WAE AMEst] ME UES A &9&
Output Layer®] 1% ®lA 2 reshapedttt.

1) Naive Reshape approach

ME YEQF &8 vlA 7= oA AF3 thE 2048x8x16°] 1L, Output Layer®] & ®©1A =7]
32x64x128L O]t} 8x16x2048 = 32x64x128 0.2, WME o] Ayl EXWNS reshaped Al Fats AY
T Atk wEpA, 9 W 22 A9, BB A "A 16xdo] e o AHds o] FA Atk

2) Transpose Convolution approach

T A WHo 2 1x1 F/dF 3} residual trans-convolution bottleneck block(<Table 2>2] Up-sample Bottleneck)
< AT 1x1 FEFE AHESEY B AdS 2048004 128 E©]al, <Table 2>2] Up-sample
Bottleneck block & 7HE AF&-31¢] feature map2] =9|(height), U B](widthyE 27} 49| 2 THE & Output Layer
o YYo= ARSI
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<Table 2> Detail of bottleneck block used in Resize and Output Layer. Residual block is marked with *

Operation Filter Size/Stride
Conv 32 171
Conv 32 3/1
Same Bottleneck

Conv 128 171

Conv* 128 171

Conv 32 1/1

Up-sample Transpose Conv 32 312
Bottleneck Conv 128 11
Transpose Conv* 128 32

3. Output Layer

Output Layer= PINetoll Al A|A|g th5 712 23} 8 ©]of(multi-branch output layer)E AHE-3FATHKo et al.,
2020). 543 JFo] Z 7R (branch)ol] YHFOoZ ALEE T, 7+ A} 74X (output branch)= <Table 2>2] Same
Bottleneck M2 FAH T} 3|9 #]©]o]= Confidence Branch, Offset Branch, Feature Branch® ©]F] & H, Z}
7} 64x329] UH|, =o] 124498 71t

Confidence Brancht 3% EA W] AlZ|% Zi(confidence value)S XE33Th AF = FE k(confidence
threshold) & & S A4 EQIE(lane point) 2 A8}, £EGLO] B 5% £ %5 A& S (validation
accuracy)E R FTh

Offset Brancht 2822 F 719 AHdS 7AW, 2t Ad2 A4 ZAE et x, y L= A (offset) F3E
£ X33t Offset Branch®] S WL 0~19] a2 71AH, 3lF #kell lAo]lZ H] E(resize ratio)S Hdte] &
ZA-& A4S Feature Branche= 5% A T&-SKclustering) S 93l AHSEH, 59 A9 49 54 &
o] HlxBl =g ShFHETh kA 54 ko] Hl=d A EIE(lane poin) &S st Ao ® 33t
Aztsld A4 14 A <Fig 4>9F 2T

<Fig. 4> Results on Tusimple dataset. Each point is estimated by proposed model, and lane is clustered based on
result of feature branch of output layer
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i)
K

V. A3 %2

[

1% Ao A= Tusimple HloJE M-S 71Z0 2 2704 AAG mdo golojd A e A5S Hrt
a1, 712 AFAA ANE s vwdth vime] §ol4¢ A3, B =R ST Tusimple HoJE] Al
S AR AFE Yo R HuE WYd

zdo] &2 ol AM&H Tusimple HOIEMNS ALL3GOom, <5 E(leaming rate) 2649 Adam
optimizer(Kingma and Ba, 2014)2 AF23}91th epoch2 100002 AAE AL, 10 epochultt Rde] Fsgw
(accuracy) % FP, ENS H7lstdth kg &Ql Axbs =&3t7] 8] olvjA] A7, 944 olF, 3,
Gaussian noise =7}, 18] 182 37} 59 vlo]E] %7} (data augmentation) 71'S AHE3Th =mde] &
% ¥ %7H= NVIDIA RTX 208065 A-8-3}9ich

1. Tusimple benchmark

B =EME A% H7HE Y3l Tusimple(Tusimple, 2020) A1 A F-3F= Wl 2] v} (benchmark) S A&}
t}. Tusimple WX v}3= o] o]H Al(data set) 2 3% 7} (evalutation metric) &2 ©]Fo] T}, Tusimple Ho|E Al
< AEEE A 29E Y FHOE FAEN 4 FHL 20019 ZE eI Ao E FAE 9l
3, 7+ S99 2084 ZH U] A FEI}F o mH ol Hoth wEtA] B =Foll A= ground truth(EE
annotation data)7} EAE= 3,626%2] ou|AE &< Ho|HE AMESL, 2,78742] ou|A|E HAE HoH
2 Z8390. 2] 4% /e A Z(accuracy, Acc) E AR YA (false positive, FP), A3l 543 (false

negative, FN)oll th3l]l o]Fo1% o H, tusimpled| A #&3hs H7H4& o33 2o

Z(lw sz ...........................................................................................................................
=S, 0y

clip™clip

accuracy =

WA 2, Cpy & AT A28 244 ZAEo T, 5, 5,, & 20O WA A4 EAES ojm@ity

F

) 2 2 2
‘]V;)red
M,

FN= N 3)

P P

@, O, Forots N My, Ny 22t BF )29 34 ZRUE 4 o229 A4 ZQAE £ A
HE S5EA X AA 2d 2AE £, AA A IJE

2. Ablation Study

1) Radix and Caridinality

ResNeST =82 AblationStudy©l| A+ radix®} cardinality ¥4 & A5 HAEE JPst¥ 1, 1 A=
<Table 3>9} 2t} 3G FolA s& radixE, x& cardinalityS, 18|31 d& network widthE 2]u|dth(0s &
ResNeST E.2 o] ResNet-D(He et al., 2019)E 7|9t 2 &} 7] wf&ol] 7]Z ResNet-D2] residual blockS 2]7]
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b g A7t & w2l AL Bdo® AEH=A A4Sk Adl, ResNeST-18 3 ResNeST-50<
HROT st AFPS XeYs}3] 0™, Reshape Layer®] 744 1ol A 2703 Naive Reshape'd+-& AH8-3Th
Zt 2o 3| radix:2, cardinality:] E+= radix:4, cardinality2Z A& Hd3tH o, A= <Table 3>9} &
T} ResNeST-18 9] ¢ A= 0.13% Ao]E HO|il, ResNeST-5022 9] 74 AEE7} 0.02% #kol=
ABA T 42x HE Ed(variany)©] B 2 S RAET I8 A= &5 FP, INE W2 7

Fe Helo

=
.
!

=

<Table 3> Result of ablation study by ResNeST

Variant #P Acc(%)
Os1x64d 25.6M 79.41
1s1x64d 26.3M 80.35
2s1x64d 27.5M 80.64
4s1x64d 31.9M 80.90
252x40d 26.9M 81.00

<Table 4>Result of ablation study: Radix and Cardinality

Backbone Variant Acc(%) FP EN
ResNeST-18 2slx 95.81 0.0324 0.0438
ResNeST-18 4s2x 95.94 0.0300 0.0416
ResNeST-50 2slx 96.05 0.0291 0.0400
ResNeST-50 4s2x 96.07 0.0256 0.0377

<Table 5> Result of ablation study: Reshape vs. Transpose-Conv.

Backbone Variant Acc(%) FP FN
ResNeST-18 2s1x 96.21 0.0275 0.0398
ResNeST-18 4s2x 96.24 0.0234 0.0361
ResNeST-50 2slx 96.24 0.0259 0.0386
ResNeST-50 4s2x 96.23 0.0254 0.0386

ResNeST-101 2slx 96.24 0.0293 0.4000
ResNeST-101 4s2x 96.26 0.0245 0.0369

2) Reshape Layer : Reshape vs. Transpose-Conv.

3o A WlE JELFY A3} EA(output feature)E ¥ (reshape)sh= WH O = Naive Reshape Layer <}
Transpose Convolution Layer T+ 7}A] W< ATttt £ Aol 4= Reshape Layers Transpose Convolution
Layer® ®7Zste] AdS 1dstgion, oA 2gst A vp7iA 2 W& 9 radix, cardinalitys ¥73
3l Ade Ayt A (<Table 5>)F 29, naive reshape WHI} Bl 3L ], ResNeST-18, 2s1x2] 7%
AEE7} 1.03% 22 71 Bol S7FFA L, ResNeST-50, 452x] 7 A& =71 0.16% S7Fetd /M 25 5
7FetAth ShAIRE 2 W FAAFTORE HFE FIE 4 A7) wWell, Transpose Convolution ¥-2o] T

R4S & 5 Qo
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olgfe] At vl HH ResNeST-18, 2slx HE 2do] 9621% 2 A =7} 714 Yil, ResNeST-101,
42x AE wdo] ATl b = deuE ¢E WEYIY Sno AHZHQ JFS F HE=,
ResNeST-18 Z&-& Al-83l= Zo] AATE BAoA 714 nigalsit).,

3. 4

i

2

Tusimple Hlo|8 A& AL83g #HA =@ F SCNN(Parashar et al, 2017), LaneNet(Wang et al., 2018),
PointLaneNet(Chen et al., 2019), ENet-SAD(Hou et al., 2019), PINet(Ko et al., 2020)3} & =&ol|A A¢kst= &2
o] A H]T’L— <Table 7>9} 2t} 7H¢ £& AEEE HolFE 222 ENet-SADE, 96.64%°] =5
Hojznh & =4 Agtets 2l Hu 4 HHEE 9626% = ENet-SAD9} 0.38%2] B = 2}o]

&3 B BA%s HolEr

<Table 6> Overall result of proposed CNN model. ResNeST-101 with 4s2x variant shows best performance

Backbone Variant R-layer Acc(%) FP FN
ResNeST-18 2s1x reshape 95.81 0.0324 0.0438
ResNeST-18 4s2x reshape 95.94 0.0300 0.0416
ResNeST-18 2slx trans-conv 96.21 0.0275 0.0398
ResNeST-18 4s2x trans-conv 96.24 0.0234 0.0361
ResNeST-50 2slx reshape 96.05 0.0291 0.0400
ResNeST-50 4s2x reshape 96.07 0.0256 0.0377
ResNeST-50 2s1x trans-conv 96.24 0.0259 0.0386
ResNeST-50 4s2x trans-conv 96.23 0.0254 0.0386
ResNest-101 2slx trans-conv 96.24 0.0293 0.4000
ResNest-101 4s2x trans-conv 96.26 0.0245 0.0369
2 %ow Akshs BHoA 4 e FPE HolFE BE ResNeST-18S MEOE AG3HE 4sdx

BYOE, 002349 FPATE BolEnh o] £AE M B F /M T A% RelFth A4 2143
2ol -ﬂw o & Bopol A, AR A4H A JRE AT FO2 oo}l & YOBE, FN FhE Acct) 7
WA= ws 23 As AKX F sholth

<Table 7> Result comparison based on Acc, FP, FN. We got best result on FP

Model Acc FP EN
SCNN 96.53 0.0617 0.0180
LaneNet 96.38 0.0780 0.0244
PointLaneNet 96.34 0.0467 0.0518
ENet-SAD 96.64 0.0602 0.0205
PINet(32x16) 95.75 0.0266 0.0362
PINet(64%32) 96.62 0.0308 0.0272
ResNeST18-4s2x with trans-conv. 96.24 0.0234 0.0361
ResNeST101-4s2x with trans-conv. 96.26 0.2454 0.0369
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v.4a &

B Afo e 7]& HA Ao AFEET Resnet @ THE Resnet HE RAERTH Al5o] 43
ResNeST WEHIZE WME YEIAZ ARgste] A4 mde TA3IYTE ResNeSTE  Resnetol
channel-wise-attention 7]'H¢] EE WEIZ, B =FdA At A4F AF, Acc 96.24%, FP 0.0234=
7] ResnetH T}t o]r]A] Q12 Fofo|A O A A5s HAETh B AFoA Ade mde g2 HAl
Aol Fdhs 96.24%2 AEAHS HoFH
0.38% % 4% Afo| 2, o] Fite Hes B
2 A AHE AAT A AT Zo] T
7h RRAAL Fo.E olojd & 1Y) W&, FN s
2o HA AFA &2 HWADAS, A& T 5) IHHOE 4L F US5S AT

agla B AFAe BE VEYAY £5 Fo WE A%S HwstH ], ResNeST-18 WES A9 4
$ B2 7} 1870 E, ResNeST-50(E= 507H), ResNeST-101(EE 1017]) 52 VEY Y vwFS uf, E=2
T 5 s
FANME EAGle] A 5 Utk =3, 7ME 52 JFEE HHF= ResNeST-101 UIES A9} vlw g
< W, 0.02%2] AccAOl &, ofF FAEA W2 HIREE HoJFT ek, B Aol Aljlste 2Ee A
A7 BANME B Aero mdd Aed & 9ok
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