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Abstract: To address the problem of vehicle pressure line detection of on-board images in the field of as-
sisted or automatic driving, as well as the problem of missed and false detection caused by underexposure,
shadow, or solid occlusion in the detection process, a vehicle pressure line detection algorithm based on
improved Mask R-CNN and L.aneNet was proposed. In terms of network optimization, based on the
Mask R-CNN network, the image scaling algorithm (bilinear interpolation) of the ROI alignment layer
was improved to bicubic interpolation, and the convoluted VGG16 network of a full connection layer was

replaced by LaneNet's E-Net shared decoder. For image enhancement, the Gamma correction algorithm
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was improved to realize the automatic correction of underexposed images. In terms of training data, the ve-
hicle target in the Tusimple data set was marked, and the data were enhanced in the network training pro-
cess, based on the improved random erasing algorithm. The experimental results show that while the vehi-
cle detection speed remains unchanged, the lane line detection speed is increased by 28% , and the vehicle
missed and false detection rate are reduced by 38.93% and 89.04% , respectively. Further, the lane line
missed and false detection rate are reduced by 67.21% and 87.05%, respectively. The achieved perfor-
mance index can meet the requirements of vehicle line pressing judgement method.

Key words: image correction; instance segmentation; lane line detection; data enhancement ; line press-

ing detection
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0.000 01, VIl &5 ik A 50, 41k kb B A 45 i (batch
size) W B N 4, Fe P oR BB AE 4. 6 B I /N iR

(C)1994-2023 China Academic Journal Electronic Publishing House. All rights reserved.

W 2 A TR B U RS R 8K, 58 R Mask R-
CNN M 25 59l 2k o 6] B, 1] FH Tusimple Y1l 25 4
XF B 5 ) LaneNet 2% 9847 I 25, U 25 56 Bk
B M 12 000, batch size A 4, Yl 2k BUAA 5 95K
L2 03 —4k, 3R A Adam i1k #8086 AL Y 2R 30%R
I 2 58 W Ja DR AF % S /N AL SR S T
HURENS

SR, 43 R0 D s D) 45 R ke 0 I ) D) 45 7
AT 9 Tusimple W 3046 o E A7 R DU, SR FH H AR
W w2 (FP) Ve KR (FN) Rl AR #0 4%
g i B (FPS) /E 9 Mask R-CNN [ 4% 4= 8 46 ]
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LI M LaneNet % 28 Z5 18 28 A6 10 64 ¥4 GE PEA 8 F% o
AT .

FP= (12)
N])red
M.,

FN="—"" (13)
N

K F L MR B L R A H Ny N
I 3 14 4 T 2 s A A A B M R AR T 3 1
FE s A ECE N A bR S T 4R 2k sk
A BCR . Tt S P R RO 45 G AR I A HE R
WNEE 3TN, o] UL CaE I A 00 445 7 15 A 356 1 e
R N R 0 e A IR A 4 ) AR
T 38.93%,89.04% , 18 4R e A 3 1R A 2R 43 il
FEAR T 67.21%,87.05% , 70l K6 0 5ok B £ 15 A
AR A LRGN R T T 28 % ML T ELA Y
B 4y E O FE BB 3k (BlendMask'™ Al
YOLACT™ ), 7 SCHE H 10 530 3 4G RS 1 1=
Al T 5 AH BT BRAT 1Y 42 T8 2 A I 357k (PINet ™
Fl Line CNN) | A 3¢5 78 K6 0OKG J32 ok I
RS

%3 ET TuSimple X S H ik M RERT LE
Tab.3 Comparisions of algorithm performance on

TuSimple testing set

Algorithm Accuracy/%  FP FN  FPS
Mask R-CNN'*! 94.85 0.0423 0.0840 5.46
BlendMask"* 94.61 0.0375 0.0720 25
YOLACT®™ 95. 36 0.0327 0.0689 33

Ours(for vehicle) 96. 57 0.0090 0.0513 5.46

LaneNet™” 96. 38 0.0780 0.0244 50
Line CNN" 96.87  0.0442 0.0197 30
PINet'* 96.70  0.0294 0.0263 30
Ours(for lane) 97.64  0.0101 0.0080 64

2% P (Class Activation Map, CAM ) J2: #§
W0 28 Xof Hi A P18 A 1R 28 80 i AT L 02 S
JE R 2SR G B AR RO o BN L AR R
A7 B BB AT 3 8 X2 2 0 ) A 4 1)
FERREE T (h W B T R e L T DA R A
RG] T AR A R — 8 S R AR R AT 26 ) A B bR

(C)1994-2023 China Academic Journal Electronic Publishing House. All rights reserved.

FI5) o A B E o $E 5 A9 RE 83 X T Mask R-
CNN [ 4 50 22 40 R R A fE 1 9 $ 7, anf&l 11 7
NS e ki€ NI e e NE R/
JE GRG0 Ay L ) 3 AR RURE (13 X113, 26X 26,
52X 52) W S WTE &1, Sy ke T S i A B
AT Gamma £ IE AL BE o A% ROBE /N B9 28 307G
P2 e T o 45 %o 3 Ak A 4 A R Y TR S A
B, X E A 11(a2) 58 11(a5) & 11(a3) 5
E11(a6), 7l LA 1K 11(a5) (K 11(a6) H it Ak
2 1 G R A A AR ) U SR R SR R 1)
YR 5 R RERLXE TN B bR A 0 00 G D o o A T
PRI AR I 28 X T 4 A AE A R T AR P 1Y 7R
A A T U B 1R (CAn ] 11(b2) 5 1 11(b3)
2 B E AE A 10 T A0 B B A ) L o S T I 4
SR T 4 SR R R AE A S RE T, R B AE
11(b5) (& 11(b6) Hr , Bl 3 £ 42 4 14 J) 35 R 41T B
WO R Hofh e o BH R G Y B T 45 % 4 A
FEAE AR (B 11 (c1) ~11(e3) B R B9 4 4%
TIE AL BTG ) 3 B 3 i X 4%, B 52 R B 1 4
PEVERA B ARTE, W 11 (cd)~11(c6) B T Iy 4
LRSS & EiE

WA 12 s fETE B 5 1, 2 vh JE G R 2%
(Baseline) ¥ 7A 7E 44 1R K 19 ) f, & 5% 2,3, 4
PIFEAE R IR A i I 4 o el b IS 1 0 45 AN X ek
25T A A AR R A ot L TR P R AR R
JEE O T B S 1 A A 0 R RS A T B, o
2,3, 4 v e I 2% T G 1) 2 3 ol ok O ) R 4%
PENT B SRl I PR 2 G R /75 = i B iIvh = 4 N R E R 7
AL F B 52 b 22 4 69 & U 1, BlendMask 5
YOLACT 55 1 B A7 76 A W) A8 B 1 e A, AR SO
LRI T R IORG BE i HAE S 5 2,3 1K
HE I X286 56 T B A 0 2 0 A BRSO BEAR TR
P 4% . Ik Ab 38 i AE 5 2, 4 okt L R 45
HERI 438 Ze 00 R AR ek i IS B 9 26 X T 42
P BRI 52 G Y L L Y A TR T R
PG iR TE, B 138 — 25X} e T ARG L S HoAlh
SRR IUES - E2 4 el B E

wE 13 iR, 54 s 1 R A E X
W 52 30 4 RN AN [) R 1 R L 5 B0 I 4% A7
e N R B A The R AR 58 A R TR B (An g 5
3),Line CNNfEE IR K (W37 5% 1,2, 3) Al 423
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Fig. 11 Class activation maps in different scenarios
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Fig. 12 Comparison of vehicle detection results
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Fig. 13 Comparison of lane line detection results
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A LA Mask R-CNN 2 5] 43 %) 54 9% A
LaneNet 7= £ /6 0 5 3 S Fe Rl S8 T 22 8 [/
B R LR I ) o RE B3k 9 i 4 o
Tusimple Z 4 4 I+ Il 25 Mask R-CNN ¥ 2% , 2 Tt
TR 485 T B 5 SR G P 0 R B TR
B R AE /N B AR 4 A T AF A 0 T AR )
Gamma £ 1F 538 75 AR 418 4 2% R 0 K B2 43 A A 8
PERE B DT K v s R R X sl A v
P TH MR DX I 5 B T R TR v A R
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