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Abstract In the context of unmanned driving,the accuracy and robustness of object detection are of vital importance to the per-
formance of the system. Aiming at the false detection and missed detection phenomena that occur when existing deep learning-
based network models deal with small objects and occluded objects in unmanned driving scenarios, an LSDA-YOLO network
model is proposed. Firstly, the LocalSimAM attention mechanism is proposed to address the issue of information loss,and it is ap-
plied to the Backbone. Meanwhile, the SHSA attention mechanism is introduced, and an information aggregation network is de-
signed to enhance the detection ability for occluded objects. In the Neck part, by dynamically adjusting the upsampling ratio, the a-
daptability of the model to multi-scale features is enhanced,reducing the missed detection rate of small objects. In the Head part,
the ASFF strategy is introduced to enhance the model’s multi-scale detection ability. Experimental results show that the LSDA-
YOLO network model improves the mAP, 5 and mAP, 5,005 by 3. 1 percentage points and 3. 9 percentage points respectively on
the KITTI dataset,outperforming the YOLOv11n baseline network model, and is suitable for high-precision real-time detection in

unmanned driving scenarios.

Keywords Attention mechanism,Unmanned driving, Vehicle detection,Pedestrian detection,Feature fusion
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Fig.1 Structure of YOLOv11ln network model
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Fig. 2 Structure of LSDA-YOLO network model
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YOLOvIIn-L MRS #1R M 90. 7% B 2 89. 5% . H F 1] %

2T E 78. 4%, mAP # T T 0.4 NE A . YOLOvlIn-S
B R B R 0 A (8] R A3 S 5 %) 91, 2% A 79. 7% . @k SHSA
R A G XY 56T, mAP; Al mAP 5,005 J)‘E'J?Eﬂ‘T
0.9 AE AT 0.8 A4 43 . (RS v 2 0 AL
B YOLOv11n-LS fE£5 &k 8 1% g B4 , 76 BT A 1A 45 4
PR TR EAKT, R T XA EE DS NA
B
4.4 BB LEREAEBENTEHHFTEREHEMER

N4, 3 5 BY V1 HLE T S5 b a] LLE L LocalSi-
mAM Fl SHSA ¥ & J7 AL 72 R AR A B 2 80 1y [6) i, 32 71

TRIA AR AR S SR RE %JTL*i‘iWﬁ?J*L%T@i(Dy?
ample) FI B 3& 7 3 6] FFAE A& CASFE) HLE 89 4 1, A 3¢k

TUTFH@sSE, 3T YOLOvlIn, ¥ @ J§ T DySample afq
WA 44 % YOLOv11n-D, ¥ fili F§ T ASFF 19 % 5 iy & 4
YOLOvIIn-A, 1 [5] i @ I 3 P9 Rl AL 0 09 82 24 4 4
YOLOv11n-DA, 3T 4.3 A9 YOLOv11n-LS, ¥ ffi Ff 3 &
FRBEMABE G4 YOLOvI1n-LSD, ¥ {8 ] T ASFF #y K %
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A4 YOLOv11n-LSA, 1fij [7] i F 4 Fb AL s 6 455 700 4y 44
LSDA-YOLO., K45 RungE 3 i,

3 AR

Table 3 Ablation experiments results
Model P/% R/% mAPo.5/% mAPo5.0.95/% FPS  Params

YOLOvI1ln 90.7 77.3 86.8 62.5 103 2.62x10°
YOLOvlIn-D 92.3 78.4 87.7 63.6 101 2.60x10°
YOLOvlln-A 89.0 80.5 88.4 64.3 92 3.96x10°
YOLOv11ln-DA 89.5 80.9 88.7 65.1 84 3.97x10°
YOLOv1In-LSD 91.5 78.9 88.2 63.3 95  2.47X10°
YOLOv1In-LSA 90.5 80.4 89.0 64.8 86  3.83x10°
LSDA-YOLO 92.7 81.5 89.9 66. 4 98 3.85x%10°

43 Hr K 3 WAL, DySample 38 F& 7 A6 UK B . ASFF 3 5
T O EHRE RN GRS, PIES AW, BRI mAP, ; 87
T 1L9OANE AL IRF 88. 7% ,mAP, 5,00 1RTHT 2.6 N EH S
HLikE] 65. 1% .18 FPS & = 84 Wi, it — 45 & LocalSi-
mAM Hl SHSA & J1HLiil 5 . LSDA-YOLO # mAP 427 T
3.1 AT A A H] 89. 9% s mAP, a0 05 ST T 3.9 DN AY A
KB 66.4% . TEIN 5 M AR S I A e AL I TR R L LS
DA-YOLO [H I 5 B o 45 55 98 Ml . 5 35 48 B 100 A Jr e A1
SRR 3. 85 M., BRI LA AT BT B .
4.5 FREBIILLEE

JT B WMIEA A9 LSDA-YOLO # 55 fi £ #4 . A 308
H 5 H Al B bR & W & ¥ (Faster R-CNNPY, SSD#), DE-
TR, YOLOv5n?",  YOLOv6™,  YOLOv7-tiny"**,
YOLOv8n™", YOLOv10™) 7 KITTI ¥4 4 L it 47 T X b
SIUS ., STIRSE RN DE TR (P) LB IE R (R) SR G v i 15
bR, N 4 Fr,

4 XTHALK
Table 4 Comparative experiments

Model P/% R/Y% mAPo.s5/% mAPq 5.0.95/% FPS  Params
Faster R-CNN 62.0 68.2 61.2 38.1 19 82.60X10°
SSD 75.8 67.4 72.4 51.0 62 24.40X 106
DETR — — 88.2 53.7 —  41.20x106
YOLOv5n 88.4 76.1 83.7 55.2 86 5.03x10°
YOLOv6 87.5 79.3 87.5 59.6 91  9.00x10°
YOLOv7-tiny 89.3 78.2 86.3 55.3 83 6.00x108
YOLOv8n 89.8 80.7 87.2 64.7 108 3.15X10°
YOLOv10 91.2 79.8 89.1 65.1 102 8.10x 106
LSDA-YOLO 92.7 81.6 89.9 66. 4 98 3.85x106

AT LLE 1, LSDA-YOLO 16 i 4 i At 35 45 F 193
LA, 4 B TE mAP, s Fl mAP, 5.0, 05 36 A S AT L4
BIEAENT 89. 9% AN 66. 4%, o FH AL T HALAIAL, [W B, LS-
DA-YOLO 14l 38 3 8 5 #5 98 W1, S8ty 3. 85M, 7E £
WA E TR R e A, X F£ B LSDA-YOLO
ANACAE A BE L B WY A B () B A S 5 T R
TR AR T R AT S A TR 2 2 AR Y SR
Y. WL, LSDA-YOLO B2 —A 3 B E e m sk F i B
o A 0 A 8
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oY W R s R TR i BE T JE 4G AR, AR SCHE KITTI
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Comparison of test results

Fig. 7

GERIE AR SCER XTI AN B st b B AR AG I 0 o 6 1 A
R IR, 48 T — B ik T R R R AE A B R AR AE LA
LSDA-YOLO M ##&8 , 5@ it 5] A LocalSimAM i 2 J7 #L ]
Hl SHSA R IHLH], B3t 715 B R W%, 1Yo 1 88X
/N B AR AR B AR BRI RE . WAL B A S R T
I 38 A H] 22 RO RRAE Al A CASFE AL , 3 — 0 32 7 T 45
TG 22 RUBE RR AT (0 35 7 M RS A B, SCER g AR W)L LS
DA-YOLO 7£ KITTI £ # 4£ I 1) mAP, 5 Al mAPs 5,005 53 7
BT 3L AES MM 39 AE S, BEMLT YOLOvlIn
FEUERIAY, AR S PR S R R T R AP F A, T
AL XS 5286 3 — 2B 83 T LSDA-YOLO 7E& 243 5t T i1
PERE U HORE B A R AN BAR R AT S5 R L B, K
SCIRIF 52 2 T8 N 25 3035 55 T 1) e A B S B AR R 4R L T A
B o 58 BLAT SR SE BRI M (E . SRR TN HE
— AR R R BT IR R EEE 2 E R 5T
T .

£ % X #f

[1] GIRSHICK R. Fast R-CNN[]]. arXiv:1504. 08083,2015.

[2] REN S,HE K,GIRSHICK R,et al. Faster R-CNN: Towards re-
al-time object detection with region proposal networks[ ] ]. IEEE
Transactions on Pattern Analysis and Machine Intelligence,
2016,39(6):1137-1149.

[3] LIU W,ANGUELOV D,ERHAN D.,et al. Ssd:Single shot
multibox detector[[C] // Computer Vision — ECCV 2016 14th

European Conference, Amsterdam, The Netherlands. Springer

250200051-6



@ P BT R PR AR AR AE Bl S A9 TE N B Bl g 5t B AR A I O vk

(4]

(5]

[6]

[7]

(8]

9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

International Publishing,2016:21-37.

REDMON J. You only look once: Unified, real-time object detec-
tion[ C]J // Proceedings of the IEEE Conference on Computer Vi-
sion and Pattern Recognition. 2016.

LIN T Y,DOLLAR P.GIRSHICK R,et al. Feature pyramid
networks for object detection[ C] // Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition. 2017 ;
2117-2125.

LIM J S, ASTRID M, YOONH J,et al. Small object detection u-
sing context and attention[ C]// 2021 International Conference
on Artificial Intelligence in Information and Communication(1C-
AIIC). IEEE,2021:181-186.

BAI Y,ZHANG Y.DING M, et al. Sod-mtgan: Small object de-
tection via multi-task generative adversarial network[ C] // Pro-
ceedings of the European Conference on Computer Vision (EC-
CV).2018:206-221.

KISANTAL M. Augmentation for Small Object Detection[]].
arXiv:1902. 07296,2019.

LI X,WANG W, HU X, et al. Selective kernel networks[ C] /
Proceedings of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition. 2019:510-519.

JUM R,LUO H B,WANG Z B, et al. Improved YOLO V3 al-
gorithm and its application in small object detection [J]. Acta
Optica Sinica,2019,39(7):0715004.

CHEN F,GAO C,LIU F,et al. Local patch network with global
attention for infrared small object detection[]]. IEEE Transac-
tions on Aerospace and Electronic Systems,2022,58(5):3979-
3991.

LI G,FAN W,XIE H.,et al. Detection of road objects based on
camera sensors for autonomous driving in various traffic situa-
tions[ ] ]. IEEE Sensors Journal,2022,22(24) ;24253-24263.
YANG L,ZHANG R Y, LI L,et al. Simam: A simple, parame-
ter-free attention module for convolutional neural networks
[C]//International Conference on Machine Learning. PMLR,
2021:11863-11874.

ZHANG H,ZU K.LU ]J,et al. Epsanet: An efficient pyramid
split attention block on convolutional neural network [C] //
CoRR. 2021.

YUN S,RO Y. Shvit: Single-head vision transformer with mem-
ory efficient macro design[ C] // Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition. 2024 ;
5756-5767.

LIU W,LU H,FU H,et al. Learning to upsample by learning to
sample[ C] // Proceedings of the IEEE/CVF International Con-
ference on Computer Vision. 2023:6027-6037.

WANG J,CHEN K, XU R, et al. Carafe: Content-aware reas-
sembly of features[ C]// Proceedings of the IEEE/CVF Interna-
tional Conference on Computer Vision. 2019:3007-3016.

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

LU H,LIU W,FU H.,et al. FADE: A Task-Agnostic Upsam-
pling Operator for Encoder-Decoder Architectures[]]. arXiv:
2407.13500,2024.

LU H,LIU W,YE Z,et al. SAPA : Similarity-aware point affilia-
tion for feature upsampling[]J]. Advances in Neural Information
Processing Systems.2022.35:20889-20901.

GEIGER A,LENZ P,STILLER C,et al. KITTI Vision Bench-
mark Suitel EB/OL]. https://www. cvlibs. net/datasets/kitti.
REN S, HE K,GIRSHICKR, et al. Faster R-CNN: Towards re-
al-time object detection with region proposal networks[ ] ]. IEEE
Transactions on Pattern Analysis and Machine Intelligence,
2016,39(6):1137-1149.

LIU W,ANGUELOV D,ERHAN D,et al.Ssd:Single shot
multibox detector [ C] // Computer Vision — ECCV 2016 14th
European Conference, Amsterdam, The Netherlands. Springer
International Publishing,2016:21-37.

CARION N,MASSA F,SYNNAEVEG.,et al. End-to-end object
detection with transformers[ C]// European Conference on Com-
puter Vision. Cham: Springer International Publishing, 2020
213-229.

Ultralytics, Ultralytics/yolov5. GitHub [ DB/OL]. https://git-
hub. com/ultralytics/yolovs.

LI C,LI L,JTANGH,et al. YOLOv6: A single-stage object de-
tection framework for industrial applications[ J]. arXiv: 2209.
02976,2022.

WANG C Y,BOCHKOVSKIY A,LIAO H Y M. YOLOv7.
Trainable bag-of-freebies sets new state-of-the-art for real-time
object detectors[ C]// Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition. 2023:7464-7475.
ULTRALYTICS. Ultralytics/yolov8[ DB/OL]. https://github.
com/ ultralytics/yolov8.

WANG A,CHEN H,LIU L,et al. Yolovl0: Real-time end-to-
end object detection[ J]. Advances in Neural Information Pro-

cessing Systems,2024,37:107984-108011.

250200051-7

JI Tao, born in 1999, postgraduate. His

main research interests include object

detection and embedded system.

YANG Yifan, born in 1986, Ph.D, asso-
ciate professor, master supervisor. His

main research interests include embed-

ded edge intelligent computing, image
enhancement, object recognition and

tracking.



