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Enhance Semantic Flow Field and Multilevel Feature Fusion Network for Road

Scene Segmentation
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Abstract: Automatic driving is one of the most difficult tasks in computer vision, and semantic
segmentation in road scenes is one of the core technologies of automatic driving. This paper proposes an
upsampling method based on enhanced semantic flow field, which can make the semantic information of
the generated graph more detailed and the boundary clearer by learning the semantic flow field between
adjacent feature graphs. At the same time, aiming at the difficulty of processing target scale changes and
identifying small targets in road scenes, a new multi-level feature fusion method is proposed, which fully
integrates deep semantic information and shallow detail information to adapt to targets of different scales. In
this paper, CamVid is taken as the data set and data enhancement is carried out. Experiments show that
both methods proposed in this paper bring significant improvement in accuracy. Compared with PSPNet,
Deeplabv3+ and other models, the overall network has higher accuracy and the segmentation effect is
closer to the real value.

Key words: deep learning; semantic segmentation; road scene; enhance semantic flow field; multilevel

feature fusion
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Kl s BiSeNet ™ XU 43 3z 454 75 fill & 25 18] 43 32 A0 40 32 (09 0 AE B, 25 18 20 1o J2 8 3L B 502 28 1) 135
B2 5, 51 ARRIEfl A AR He (Feature fusion module, FEM ) 3 A7 %4 i 85 )2 @l A ¢ AE , XT38 38 A JF & % )5
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Fuse™ [ 2% 15 457 A A3 B K5 73 24 7 J2 9% 14 4 4 000 0 A7 308 108 0 Pyl 45, SR 3 3 3 SL R A4 32 (Se-
mantic embedding branch, SEB) 5 1] )2 4 (1 R 1E #1738 18 AR, 9R MRS 18 PURHIE 18 22 18] 19 18
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Fig.1 MFFM module structure
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Fig.2 CFAM module structure
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P4 MCFNet 5 {4 [ £ 25 1
Fig.4 Overall network architecture of MCFNet
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REGRME IR R 1P mloU K ¥ Table 1 Comparison of different feature fusion methods %
Y5235 1, Ace R EIMR 3 JEMERA 2, Aa
ARARAE . WY LLE BISR AT SEB W fil & J7 5
Jii »mIoU Hl Acc 43 1) b 5& o 19 2% 4 & 1
1.39% A 1.31%, 15 2R F A 3C 42 i
MFFEM fil 43 75 305 , mIoU Al Ace 43 1 1
SEB M5 T 0.92% F10.86 0, AH L 1 1 90 265 K5 8 B2 A 1 8 25 19 32 T, n] DUAS SCE S i AN ] 2 9k
UE il 5 5 WS Y A K1

3 B AT DAL RCR RN B 5 s o Al LA B T4 AR LA 18R, SR 2 Rl G S A il il B Ak
o3 A5 R HORS Ak R b B /N F BRI A, AT K R T W 60 AR RE 0 ST iR 3 TR AE T AR B AR SCE Y
22 SR AL Bl 000 265 3 2o 0 SR AN [ )2 R AR A M) R BT T 0 268 X R K B 23 2 BE D 5 [ I AT AT Y
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FUAR 5 38 0 R AIE ) 5 o RN SRR RE 0, A7 R R A 1 eI 190 288 22 v ) 23 A B A 2 /N H bk oy 25 2R 1Y
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Method Backbone  mloU Aa Acc Aa

Baseline ResNetl01l 62.64 — 63.17 —
Baseline+SEB ResNetl01 64.03 1.394 64.48 1.314
Baseline+ MFFM ResNetl01 64.95 0.924 65.34 0.864

(a) Test image (b) Ground truth (c) Baseline

(d) Baseline+SEB (e) BaselinetMFFM
K5 Rl RRAE Rl 5 3R 45 R0 He

Fig.5 Scene parsing results based on different feature fusion methods
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Table 3 Comparison of different upsampling methods %

) CEAM AE ) M4 RS 40y F b Dy mioU Ad e Aa
WL LR AR E PR, WA LT R 64.95 - 65.34 —
W SRS I LSRR 7 VR AR AL 58 B W PR 65.42 0.47 4 65.89 0.55 4
MR A SO Bk, o BORS B A AR FAM 66.41 1.19 4 67.23 1.34 4
BERRIT LT RAE LHS0 LR cpam 6757 0764 6785 0624

RT3 i 38 o % A R e 5 Ak, 3L
T T IS

AT T RAE Ty 1 09 LB 43 B A B 6 T, AT DL W LA B CFAM S, 28 #I3E B 54 S
LI RS A (I i B Ut R I Al i | R I 5 L 1 S R (R 3 R A R & )
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(a) Test image (b) Ground truth (c) Bilinear interpolation
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(d) Deconvolution (e) FAM 7 (f) CFAM
B16 AN F SR A7 ik A 43 0 45 AL 5]

Fig.6  Scene parsing results based on different upsampling methods
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Fig.7 Scene parsing results based on different network models
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