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Codec with Wavelet Pooling
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Abstract Semantic segmentation is currently one of the basic technologies in the field of scene
understanding. Existing semantic segmentation networks usually result in complex structures, a large number of
parameters, excessive loss of image feature information, and low computational efficiency. To address these
problems, this work proposes a lightweight semantic segmentation network named MLWP-Net (Multi-Link
Wavelet-Pooled Network) which combines features with multiple connections and wavelet pooling based on the
encoder-decoder framework and Discrete Wavelet Transform (DWT). In the encoding phase, a lightweight feature
extraction bottleneck is designed by combining with the depthwise separable convolution, dilated convolution, and
channel compression, using a multi-link strategy to fuse multi-level features; besides, a low-frequency-mixed
wavelet pooling operation is employed to replace the traditional downsampling operation for effectively reducing
the information loss during the encoding process. In the decoding stage, a multi-branch parallel dilated
convolutional decoder is designed to fuse multiple features linked to the different layers in the encoder to recover
the image resolution in parallel. The experimental results show that our MLWP-Net achieves 74.1% and 68.2%
mloU segmentation accuracy on the datasets of Cityscapes and Camvid with only 0.74M parameters, which
demonstrates its effectiveness for semantic segmentation.

Key words real-time semantic segmentation; lightweight neural network; multi-link feature fusion; wavelet
pooling; multi-branch dilated convolution
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FRNet""! No 512x1024 704 1.01 127.0
ESNet?? No 512x1024 707 1.66 63.0
EDANet?” No 512x1024 673 0.68 105.5
ESPNet™ No 512x1024 603 0.36 146.0
ContextNet"™") No  1024x2048 66.1 0.85 57.7
Fast-SCNN™ No  1024x2048 68.0 1.10 67.1
DFANet™  ImageNet 1024x1024 71.3 7.80 100.0
LRNNet™*" No 512x1024 722 0.68 71.0
AGLNet™ No 512x1024 713 1.12 52.0
DDPNet™” No 768x1536  74.0 2.52 85.4
CSRNet-light®” ResNetl8 512x1024  74.0 — 56.0
LETNet™ No 512x1024 728 0.95 150.0
MLWP-Net No 512x1024 741 0.74 85.6

ATLAE H, ERAERTOIRAE T, A
N B4 5y 3 % 0N 512x1 024 I, MLWP-Net 1Y L
0.74 MB 1] Z ¥ & 1t Cityscapes U 45 4 S8l T
74.1% By IR i N BB 5 PN 360x480
i5f, MLWP-Net {X P4 0.74 MB ) 2 ¥ &7 CamVid
BIEEE 2Bl T i 68.2% M EIRERE, Hor 1%k
AT HAR R 4%, MLWP-Net L5 /b () 25 % & s

WTHEEMDEREE. RN, ERNREAMLE,
MLWP-Net [ HH 5 5 11370 7 16 o8 S 14 9 28] o 2%
FHE

# 6 FEHERTE CamVid MK ERILWLER

Method Pretrain  Input Size mlIoU/% Params/MB Speed/fps
SegNet”  ImageNet 360x480 55.6 29.50 49.80
ENet!® No 360x480 51.3 0.36 105.70
LEDNet" No 360x480 66.6 0.95 109.60
CGNet"” No 360x480 65.6 0.50 112.0
DABNet"” No 360x480 66.4 0.76 117.0
EDANet?” No 360x480 66.4 0.68 2322
ESPNet™” No 360x480 55.6 0.36 297.6
DFANet™ No 720%960 64.7 7.80 120.0
LRNNet™! No 360x480 67.6 0.67 83.0
DDPNet™ No 360x480 67.3 1.10 —
MLWP-Net No 360x480 68.2 0.74 95.0

WAL, ARSCAN Z AW ERLE Cityscapes 24
£ EIHT R E . SEE A E X, 8
FIH T ZANMLKALE Cityscapes Ml 185 H &R AN 51 %)
M) mIoU, #0137 fion. ME 7 LA,
Bt HAf R 2%, MLWP-Net Xf T8 % (Roa) « AAT
B (Sid) . HETH (Bui) %% 14 R4k 28 5 5 5% 2)
s o> BIRS R, 1X R B MLWP-Net 1| H = £ &
BE 1032 5 FEAE b A BB PFF AN 2 43 52 25 T 26 AR R
fERA iS¢ MPDCD ReW8 1E— 32 i ss ot EUE v X
RSN G AR N e sk AN S R el I R RS
HHEJ), MLWP-Net ST ZEEEN M- REMBITE
SR 43 B RO AR B I A U R
B, AEATYAR LA AT B UL 20 R B

N TR 0 L R A A MLWP-Net M 4%
X, TH A I TE B3 S EISUR, ASURBEARE
PE R % AL S PE X 4% CGNet. EDANet. ESNet.
SQNet 5 MLWP-Net [ 7] ¥4k 73 #1801 3047 H R
54381 . A CALE Cityscapes HU4 42 b BE AL 4l HL 1
4 FRAEARBEGIAT T BB, wE s
Frime Bl S E—1T s MENIT 5H, MLWP-
Net ¥ By b & A7 A 7 F0 A2 @ AT (30 A IE 3047 4 %1,
A B At 90 265 B8 v i b S2 B 1 300 )
Aoy EIERY, XEETACGRHENZ ERED
RO RS AL PFF, AR T X E&Ia% T
R THERIEEG BB AT, HARM AR
BRI EIHREFN, EHAZFAL BT 1R FBA
Gy BIAREESE 8L, T MLWP-Net AN A8 1% 1F 1
R AN F] 2800 4 B, HAS 252 B[R 2 500 1) 50
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FIFIASF R B R Sefs BT 0], X682 44
Y NI U B BRI R . WE 5 5=
173 5 Al LLE B A i AR/ AT IE R,
KR/NEOR K ) B ARES LR 7> B0 7 e, 5 H A AR
B3 BT AT BLE Y, MLWP-Net MY A

il !
'

BRI AATIE, X4/ Pt e S E
WrEl. BERBDHRTRE, TRERERSIE
AR BB, MASCR I LWP #24F §8 5 AT E 5
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A4/ NI HER 731 o

Input image Ground truth CGNet EDANet ESNet SQNet MLWP-Net
K5 ANEEFLE Cityscapes FHE4E b G o F145 5
£ 7 AEHEBIZE Cityscapes K E FRITAS HKER %
Method Roa Sid Bui Wal Fen Pol TLi TSi Veg Ter Sky Ped Rid Car Tru Bus Tra Mot Bic Class Cat
SegNet”) 964 732 840 284 29.0 357 398 451 87.0 638 91.8 628 428 893 381 43.1 441 358 51.9 570 79.1
ENet" 963 742 750 322 332 434 341 440 88.6 614 90.6 655 384 90.6 369 505 48.1 388 554 583 804
ERFNet” 972 80.0 89.5 41.6 453 564 60.5 646 914 687 942 761 564 924 457 60.6 270 487 618 663 852
LEDNet™ 981 79.5 91.6 47.7 499 62.8 613 728 926 612 949 762 53.7 909 644 640 527 444 71.6 706 87.1
CGNet™” 955 787 88.1 40.0 430 541 59.8 639 89.6 67.6 929 749 549 902 44.1 595 252 473 602 64.8 857
DABNet'"” 979 820 90.6 455 50.1 593 635 67.7 918 70.1 92.8 781 57.8 937 528 63.7 560 513 668 70.1 87.0
ESNet®™ 981 80.4 924 483 492 61.5 625 723 925 615 944 766 532 944 625 743 524 455 714 707 874
SQNet™ 969 754 879 316 357 509 520 61.7 909 658 93.0 738 42.6 915 188 412 333 340 599 598 843
EDANet™ 97.8 80.6 89.5 42.0 460 523 598 650 91.4 687 93.6 757 543 924 409 587 560 502 640 67.3 858
ESPNet™ 970 77.5 762 350 36.1 450 356 463 90.8 632 926 670 409 923 381 525 50.1 41.8 572 603 822
LAANet™ 979 829 91.0 475 515 593 660 703 923 699 947 818 614 942 586 745 551 543 694 73.6 884
MLWP-Net 98.1 834 91.7 554 525 62.1 67.1 71.8 92.7 70.0 95.0 83.1 633 947 602 75.7 625 569 713 741 89.0
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