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Real-time semantic segmentation algorithm
based on BiLevelNet
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'School of Advanced Manufacturing, Fuzhou University, Quanzhou, Fujian 362200, China;
?Fujian Science & Technology Innovation Laboratory for Optoelectronic Information of China, Fuzhou, Fujian 350116,
China

Abstract: In response to the problem of the large parameter size of semantic segmentation networks, making it
difficult to deploy on memory-constrained edge devices, a lightweight real-time semantic segmentation algorithm is
proposed based on BiLevelNet. Firstly, dilated convolutions are employed to augment the receptive field, and
feature reuse strategies are integrated to enhance the network's region awareness. Next, a two-stage PBRA
(Partial Bi-Level Route Attention) mechanism is incorporated to establish dependencies between distant objects,
thereby augmenting the network's global perception capability. Finally, the FADE operator is introduced to combine
shallow features to improve the effectiveness of image upsampling. Experimental results show that, at an input
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image resolution of 512x1024, the proposed network achieves an average Intersection over Union (loU) of 75.1%

on the Cityscapes dataset at a speed of 121 frames per second, with a model size of only 0.7 M. Additionally, at an

input image resolution of 360x480, the network achieves an average loU of 68.2% on the CamVid dataset.

Compared with other real-time semantic segmentation methods, this network achieves a balance between speed

and accuracy, meeting the real-time requirements for applications like autonomous driving.

Keywords: real-time semantic segmentation; autonomous driving; deep learning; self-attention; upsampling
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Table 1 Network framework of BiLevelNet

Stage Operator Mode Output size

Stage 1 3 x 3 Conv Stride 2 32 x 256 x 512
3 x 3 Conv Stride 1 32 x 256 x 512

3 x 3 Conv Stride 1 32 x 256 x 512

Stage 2 AFR-S 64 x 128 x 256
2 x ARF Dilated 2 64 x 128 x 256

Stage 3 AFR-S 128 x 64 x 128
4 x AFR Dilated 4 128 x 64 x 128

5 x AFR Dilated 8 128 x 64 x 128

Decoder DAF 32 x 256 x 512
1 x 1 Conv Stride 1 19 x 256 x 512

Bilinear 19 x 512 x 1024

[[3x3Conv]:
1| stride 2
[3x3Conv |
1| stride 1 |:
1 3x 3 Conv |
stride 1

Initial Conv

[AFR]
A

FM

Decorder

x x|l <
- B
< <| D

B 1 BiLevelNet 4% IER
Fig. 1 Network framework of BiLevelNet
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4.4 HELKIE
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AFR fEHL R HE W25 o 4% X 26 PEREXT L an & 2 fifw
A ULF DAB A5EH A4 B A 9 456 B R fE A PR,
mloU #H b 7 SCHE R I 75.5% T [ % 71.8%. # H
SSnbt B AFR BEHLE, KB TR T 8.4%, [A]
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M A BT, AR T SN 22 (1)
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Fig. 8 Sample distribution of Cityscapes dataset and Camvid dataset

240030-7



RILyE A S TR, 2024, 51(5): 240030

https://doi.org/10.12086/0ee.2024.240030

A2 RF4FIERIAE £ Cityscapes #c35 & o9 1 A3t bt
Table 2 Performance comparison of different feature extraction

modules on the Cityscapes dataset

Params/M FLOPs/G FPS mloU/%
SSnbt 0.83 11.61 132 67.1
DAB 0.75 10.78 140 71.8
AFR 0.68 9.64 128 75.5

ARSI SR FH 3% A5 Ul /D 1) 38 T8 4R D R -, B D
723, Hrb =0 AR BRA B, i =1/16,
{UB M /D BOE I 2% A BRA ik, BRI T H4 R
fetfi. H—Jrm, =1 B EE S A BRA BT,
B mloU $2 - 0.2 AN EH 40, JREA P, —
SRR A TP TUAR AR BN T X G RR AR A A U
RN [ T TR 55 A OGP R R 7 A A 5 A R 43
Aiv, BRI T XTSRS R AR J) o IR k]
B, ARSNGB T AT TRIEERE, SCInah AR
B, M40 T =174 B, AR AR B G b 1 A 1Y)
FRAE A, NI 3 $2 T T HERE , 2E S50 I iE (YL
£ 0.0 MBI, B, B =1/4, BIERASCHTER
PBRA #i bk, #1%:F BRA, PBRA 7f mloU I & T}
1.5%, #HEEHRT 12 Bs,

%3 RF4%ME-T £ Cityscapes Bk £ 4 Ltk
Table 3 Experimental results of different reduction factor modules in

Cityscapes validation set

Ratio Params/M FLOPs/G FPS mloU/%
0 0.67 9.59 135 74.0
1 0.74 10.25 116 74.2
1/2 0.69 9.75 120 75.0
1/4 0.68 9.64 128 75.5
1/8 0.67 9.61 130 75.1
116 0.67 9.6 131 741

5 9 /R T 51 A PBRA BLHHTJE B4R G5 R XT LE.
5 BN, PBRA 27+ T & mEm, X FR A AILE
Oy EN LA AT AE 2 N AR — BRI FLAMR 2 SR 26
HIBRGAS B3
4.4.3 FADE REER T HIHRISELE:

WL R TSRS B UEA T R AR 2 FI 255 (n
P 10), R BRI HOH AR SR sk
4 ) T TR XL P 3 1 R AR i ) O B R 1 D
CUNTE 11(a), FRATIREE FNE B AN AT A 4EAE i 7 AR
L, BSRAAE -G EE 1) d, x—3&
FISIBI R TN EDW. SR, FEdR)ZERIERT, %k
5 EAAE TR, WE k) PR, Wik, A

n e

B9 7\ PBRABLRATE 8948 45 RaT 1L
Fig. 9 Comparison of results with using the PBRA modules
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TEH A 2405 85 FADE L RFE S BI45 i (0 T8 %0
FEEEA, NMEIE T RZRHERENGE LR Y
NG FIRCR

H KU A (1 53 3 5 1 n

B 10 KA IEE H-F] 45 Rt it
Fig. 10 Comparison of segmentation results using
bilinear interpolation
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7E mloU B T 0.4 N Er sl FE T, BUE 1455
TR AL A U SN NIV =Y € S el LI EF SO 51 i s
BRI 2RI, AT R A 3 R TR

4.5 MKZMEREMEERT L
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MRS IEEATX LT, SERRas RN 5.
BEREW, ARIO7 1 REREL L ORG24 B
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Fig. 11 Feature map before bilinear interpolation and the shallow
feature map

JEo KEEEDTH, ASONERS T 75.1% WFR581 1L,
o T X LURCRL . HERLR By, WU 121 fs,
fHE B i SR ER , AUIRT Bisenet-v2,
I H 28k E HY Bisenet-v2 B9 1/8. S % )y i,
SR ENet Fll DALNet (25 /b T A SO v, HH
Xof IO AP HG FEE R B 8 B AR AN S5 v o

6 P4 ARSI L FE Cityscapes JUH£E I
AN L. HER TP, R IR (4 531)
P> ENER AR , ISR . K% A
SIKE T 91.8%. 73.9%. 78.8%. Xt FIH A,
ARSOT RIS TR ERE R, WERs . A 1718
MWk 5] 98.0% . 82.2% . 92.8%., EEIHNT
P T8, AFR B FE 3R ROEAE BIFE

%5 RREAA & Cityscapes ki & 64 1 o3t tb

Table 5 Performance comparison of different models on the

Cityscapes dataset

FADE I R FE5r 1455
R P 1 T

n FADE I RhE43 145 5 n

B 12 FADE ERAf4#I4R
Fig. 12 FADE upsampling segmentation results

% 4 FADE L XHHF 7 Cityscapes IoiE & #9742 3

Table 4 Experimental results of FADE modules on the Cityscapes validation dataset

Params/M FLOPs/G FPS mloU/%
Bilinear 0.68 9.64 128 75.5
FADE 0.7 10.4 121 75.9

Algorithm Size Params/M FLOPs/G FPS mloU/%

ENet 512x1024 0.36 435 42 58.3
ERFNet  512x1024 2.10 26.8 59 68.0
LEDNet  512x1024 0.94 11.5 71 69.2
DABNet  512x1024 0.76 - 104  70.1

ELANet™  512x1024 0.67 9.7 93 74.7

RELAXNet 512x1024 1.90 22.84 64 74.8

DALNet®  512x1 024 0.48 - 74 711

BiseNet-v2 512x1024 3.40 21.2 156  72.6
MIFNet®"  512x1024 0.82 12.03 74 73.1
SCHRIB2]  512x1024 6.22 125 1547 742

Ours 512x1024 0.70 10.4 121 754

WRZHFFIE. HAK, PBRA MBI 15 /i
DX ez ] (e B IR, AU DG B9 BRI 8] P T
EAORGE, PHEEET RIS N — S

4.6 MEEMEBERIEMERTEE

AR T HA W 25 7E Cityscapses B4 45 - Y 43
BN L an &l 13 s o

wmE 13 PR s —1T RIS AT, AR SO B
BAFERR ERA S N KN TR R 5, T
b5V B A5 B ] T SR A S A X
H B PRTE T RYIRA RS AT g 1T SRR AT
R B R, BT shid H ok se A
FHER XY N SUE B MiARSCS AR PBRA B

%6 TRREAER A Cityscapes 4048 & & g &% 5] Kbk

Table 6 Evaluation results of per-class loU /% on the

Cityscapes dataset

Class ERFNet DABNet LEDNet FDDWNet Ours
Roa 97.9 96.8 97.1 98.0 98.0
Sid 82.1 78.5 78.6 82.4 82.2
Bui 90.7 90.9 90.4 91.1 91.8
Wal 45.2 45.3 46.5 52.5 54.8
Fen 50.4 50.1 48.1 51.2 56.5
Pol 59.0 59.1 60.9 59.9 63.2
Tli 62.6 65.2 60.4 64.4 68.4
TSi 68.4 70.7 711 68.9 721
Veg 91.9 92.5 91.2 92.5 92.8
Ter 69.4 68.1 60.0 70.3 70.5
Sky 94.2 94.6 93.2 94.4 94.5
Ped 78.5 80.5 743 80.8 82.3
Rid 59.8 58.5 51.8 59.8 65.2
Car 93.4 92.7 92.3 94.0 94.3
Tru 52.5 52.7 61.0 56.5 59.2
Bus 60.8 67.2 72.4 68.9 78.5
Tra 53.7 50.9 51.0 48.6 73.9
Mot 49.9 50.4 43.3 55.7 57.9
Bic 64.2 65.7 70.2 67.7 70.2
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n LEDNet
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Fig. 13 Visualization results of networks on Cityscapes dataset
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RUEA SRRz AR ST, 5 —F Ak
CamVid A7 TXF L0, SCe g R 7 pios .
L, ARSCOTEAUER T R ImageNet 7 Il k1)
Bisenet-v2 #5Y, (HAEAR R, ASCRHAMNII
ik, RS EGE R R8, ESHE L,
JUEAR SO B i S50 ENet BUPIAS, (HAS SOT8E
FERehR . £5 DA, ARSCO RS T3 RAZ
PR AR o

14l AL 2 X et nT B/, AR SO AR
Pl SRS (1] v o (o R ZRAE X 38) 228501 1 43381
SR, PBRA R 7 (1K I B AR S 3 2]
FilBE i A R IR Z A AR B ZR , S 5 3T T il 28
BN — B0, A RE T I R O ) A

&b
He JJo

HH R BT AL R

A7 CamVid £c38 % o 483t ik

Table 7 Performance comparison on the CamVid dataset

Algorithm Size Pretrain Params/M mloU/%
ENet 360%480 N 0.36 51.3
CGNet 360x480 N 0.5 64.7
DALNet 360%480 N 0.47 66.1
LEDNet 360%480 N 0.94 66.6
DABNet 360x480 N 0.76 66.4
MIFNet 360%480 N 0.81 67.7
ELANet 360%480 N 0.67 67.9
BiseNet-v2 360x480 Y 5.8 68.7
Ours 360x480 N 0.7 68.2

5 SR

AR SCHRE Y — o v 205 2 i I SIS S0 vk,
L VR T VA7 S B R A M L R AR AR R
HU (AFR) Bl , U R R0 A FRAE SR, IR AR B
HEE T (PBRA) B, f#de T Al —PiR A —5L
(IR, eI ERER, SR FADE [ REFHE T-H2IK
i P A X ek BRI b iR R 8, SE A
BT , B35 T T2 PRS2
[B] {55 BB 452 2% /4 8] 81, 7F Cityscapes [ A SCHUAS T
75.1% ()57 EURG B IR1E, L 0.7 MW S 4 S Bt
121 f/s MHERER L . AES80. ETRPERI LR G5
JEF, BiLevelNet fi FHAMZ R ML, HiiHTH
)k 75
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Fig. 14 Visualization results of networks on the Camvid dataset
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Real-time semantic segmentation algorithm
based on BiLevelNet

Wu Majing', Zhang Yong'ai'?, Lin Shanling'?, Lin Zhixian"?, Lin Jianpu"**
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Overview: In response to the challenge posed by the large parameter sizes of semantic segmentation networks, which
complicate deployment on memory-constrained edge devices, a lightweight real-time semantic segmentation algorithm
based on BiLevelNet is proposed. Initially, dilated convolutions are utilized to broaden the receptive field, and strategies
for reusing features are integrated to bolster the network's awareness of regions. Subsequently, a two-stage PBRA (Partial
Bi-Level Route Attention) mechanism is adopted to form connections between distant objects, thereby enhancing the
network's capability to perceive global contexts. Moreover, the FADE operator is introduced for merging shallow
features, thereby augmenting the efficacy of image upsampling.

Within the depicted AFR module in Fig. 4, a variety of hierarchical feature maps are presented, along with
descriptions of their characteristics and roles. The distinctions and connections between the input feature map, the local
feature map achieved through 3x3 depth convolution, and the context information feature map acquired through
dilated convolution are clarified. It is further emphasized how these features are effectively amalgamated in the final
fused feature map, showcasing strong activation across both local and global contexts. Additionally, a gradually
decreasing channel reduction factor is employed, as elaborated in Table 3. Through the gradual adjustment of the
channel reduction factor, it is observed that with a reduction factor of r=1/4, the PBRA module enhances mIoU by 1.5%
and boosts speed by 12FPS in comparison to BRA.

Moreover, discontinuities and missing pixels are noted in segmentation results when bilinear interpolation is used for
upsampling. Observations of the depth feature maps prior to bilinear upsampling reveal that features corresponding to
roads and sidewalks bear similarities, leading to potential misclassifications. To counteract this issue, shallow features
that preserve edge information are introduced and merged into the FADE upsampling process, thereby improving edge
segmentation. This method effectively addresses the loss of spatial information, resulting in smoother and more defined
edge segmentation outcomes.

Experimental outcomes indicate that, at an input image resolution of 512x1024, the network attains an average
Intersection over Union (IoU) of 75.1% on the Cityscapes dataset, operating at a speed of 121 frames per second, while
maintaining a modest model size of only 0.7M. Furthermore, at an input image resolution of 360x480, the network
secures an average IoU of 68.2% on the CamVid dataset. Compared with other real-time semantic segmentation
methods, this network maintains an optimal balance between speed and accuracy, fulfilling the real-time operation
requirements for applications such as autonomous driving.
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