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Abstract: Panoptic driving perception aims to simultaneously accomplish three perception tasks—traffic object detection, drivable area
segmentation, and lane line detection—to meet the requirements of drivability prediction in autonomous driving. Existing methods usually
adopt multi—task learning networks to process multiple tasks simultaneously, which have achieved certain progress in performance but
generally suffer from high computational complexity as well as an imbalance between prediction accuracy and real-time performance.
To address these problems, a lightweight multi—task panoramic driving perception network based on area attention, named APDP—
Net, is proposed. First, the Residual-Efficient Layer Aggregation Network (R-ELLAN) is introduced as the backbone network, in which
the area attention module, characterized by a local and continuous attention mechanism, maintains the receptive field while reducing
computational cost. Second, a GhostFPN-ELAN neck network with a feature pyramid structure is designed, introducing Ghost
Convolution to reduce computation by reasonably compressing the feature space. Finally, for the lane line detection task, a Polarized
Self-Attention mechanism is introduced to establish long-range connections between pixel-level features, enhancing the spatial feature

representation capability of the network. Experimental results show that APDP-Net, through lightweight network design, significantly
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reduces computational overhead while maintaining excellent prediction performance, providing a feasible solution for edge-side

autonomous driving perception.
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i/MB

YOLOP CSPDarknet  384X640  7.90 31

AYOLOM(s) CSPDarknet 384X672  4.43 34

AYOLOM(n) CSPDarknet 384x672 13.61 39

APDP-Net R-ELAN  384X640 10.71 48

12 1 AT, A SCHE Y ) APDP-Net 7 24K
T H UK R TR 2 )57k YOLOP, 15448 T
B ET M4 R-ELAN 195 A, APDP-Net 7¢ 4 2 #
BE R AL, A YOLOP A1 A-YOLOM(n)
Iy WIARTE T 17 FPS F1 9 FPS, M1 A Bl T APDP-
Net 75 S B P 5 18 1) 6 2 O 55
2.2.2 2 H ARG IS % L

2RI T 4 )7 B 7E BDD100K ¥4 4 b (0 52
i AR 25 5. I 2 H A LLE H, APDP-Net
FH 3 T MultiNet. DL T-Net, Faster R-CNN £ J5 i
AR LA R ERA . 5 YOLOP,
YOLOv8n(det), YOLOv12n(det), A-YOLOM(n).
A-YOLOM(s)#H It , APDP-Net 7€ 43 [0l 3 [- 43 51| $2
1 2.8.9.2.6.3.6.1.4.54 A 4. A A, H
mAP50% ik 2] 77. 1%, B & T YOLOv12n(det), #
I A-YOLOM(n), 7EA5 FE 5 A [l 09~ F- 5 e sl i B
GFsa .
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Table 2 Comparison of traffic object detection results

among different methods

R3 ARAAZFHAITEREBSENERILE
Table 3 Comparison of drivable area segmentation results

among different methods

% %
WIRZS Recall mAP50 ik mIOU
MultiNet"*! 81.3 60. 2 MuitiNet'" 71.6
DLT-Net"! 89.4 68.4 DLT-Net"! 72.1
Faster R-CNN! 81.2 64.9 PSPNet" 89.6
YOLOvS8n(det)?! 82.2 75.1 YOLOP! 89.2
YOLOvI2n(det)*! 85.1 75.6 YOLOvI12n(seg)” 87.7
YOLOP™ 88.6 76.5 HybridNet"”! 90.5
A-YOLOM(n)*" 85.3 78.0 A-YOLOM(n)*” 90.5
A-YOLOM(s)?" 86.9 81.1 A-YOLOM(s)*” 91.0
APDP-Net 91.4 77.1 APDP-Net 92.8
2.2.3  A[ATE X B4 ) 45 T 1 R4 TRATENFELEONE R
%2 3% I T AR 75 B 7E BDD 100K Xc#i 4 | (7] Table 4 Comparison of lane detection results among
'ﬁ‘QQ Zﬁﬁﬁ%ﬂ éﬁ ) ?ﬁ%%\% i . APDP-Net T{ mIOU different methods y
& 3 it T PSPNet, YOLOP, YOLOvI12n(seg). i ik Pixel accuracy 10U
HybridNet & A-YOLOM(s), 7+ #1425 T 3.2.3.6, Enet " 34.12 14. 64
5.1.2.3 M 1.8 AN H 43 M. X — &5 K W] APDP- SCNN® 35.79 15.84
Net 15 {43 4 5B o FL45 1 €2 0O B2 71 ENetSADY . .02
ek YOLOP™ 70.5 26.2
2.2.4  ZEIEZAGIN G5 RRS YOLOvEn(seg)” o0 2
. ) YOLOv12n(seg)” 82.6 22.8
A AJR S T 45 7 ik A BDD100K $Udis S | 19 A-YOLOM(n)*" 81.3 28. 2
T LR AG I 25 5 . APDP-Net Ry T faf fb A5 54 31l 2% , K A-YOLOM(s)" 849 28,8

gk IR I AR vh AR 0E 2 SRR 8 px,
Y6 AEEE N 2 px, FEIOU IR EAML. M2 T,
8RR A S S It e T R A N 0 o 8 1 v
o WFE4AHULIE ), APDP-Net 7612 2 K5 B 5 1
2 LT 591 J7 35 Enet . SCNN L ENET-SAD. #
L3 W11 24T 552 2 775 YOLOP . YOLOv8n(seg).
YOLOv12n(seg). A-YOLOM(s) 4> % #2 /& 1 17. 9.
7.9.5.8.3. 5N 4k ko DL X W] HAE PR

o7 v ELA R R A R M S S A .
2.2.5 JHRALLE

A X APDP-Net #E47 T 4 18 19 19 @l 52 56, L
I8 F 45 455 B ot o 2 1 i R B A B AR BTk . o, 3t
MEL VS YOLOP, 1M 2%l CSPDarknet, fi A
LS B R EE S APDP-Net Ml A A9 Il 2R ik B . S2 56 &5
RFES IR

&5 APDP-Netif LI RIFIER
Table 5 Ablation study results of APDP-Net

2R Recall/ % mAP50/ % mIOU/ % Pixel accuracy/ % 10U/% ZH U /MB
YOLOP"! 88.6 76.5 89.3 80. 6 19.2 7.90
+R-ELAN 89.8 76.6 92.0 85.4 19.7 9.46
+FPN-ELAN 91.3 77.5 92.5 85.3 20. 1 11. 20
+ELAN-G 90.1 76.5 91.9 84.9 19.6 8.76
-+ Anchor free 92.1 77.9 91.7 84.6 19.6 10. 37
+PSA 91.4 77.1 92.8 88.4 22.6 10. 37

H:YOLOP ., +R-ELAN,+FPN-ELAN . +ELANG-G .+ Anchor free . +PSA 7 1278 L YOLOP 15 g [ 46 45 ¥y, 5 H LAl b ol gk 3 F 99 4%
N R-ELAN ¥ 5138 9 4% ) FPN-ELAN 8k # ELANBlock # 5  ELAN-G #E 3 , 8l #2238 H AR K 43 32 9 Anchor free (7E 7738 26 46 I 23

A PSABLH
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B, ORI S NE A T R RSB TR B R RR 1 O
i 5 4) ¥ A28 B bRk il o3 328 - A Anchor—free 45
K G i — 2 42 T1 T 3838 H AR A o g | [ B AR
R 7 AW 55 B FS 2 R BE 5 5) FE 4R IE LA I 43
AR A PSARLHL G | B3 TE T 4 LA IS B
B UE T %R HUAE 1 R R SRR AR (] 5 R R4 4 A
] 48 55 7 1A AP o I Rl ST 5 25 A SR .
APDP-Net i i 7 4t fb (1) [ 45 25 /e B 11, 78 = > Ik
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Fig.7 Comparison of different methods under daytime conditions
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Fig. 8 Comparison of different methods under night conditions
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AN, R T 51 S GO #E AT 52 A B, AR SO
T — " ETCHHR MRS ERE IFEET
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Fig.9 Deployment results of APDP-Net
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