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Abstract: In view of the problems that the existing tower view target detection system is prone to large positioning
deviation and low small target detection accuracy, this paper proposes an aircraft target detection method based on
the ECIOU structure embedded in the YOLO v8 model from the tower view to improve the accuracy and efficiency
of detection. Based on the traditional YOLO v8 model, the CBAM module is first added to enhance the discrim-
inability of target features. Then, the GConv and SENet attention mechanisms are introduced to optimize the Bot-
tleneck structure to enhance its feature extraction ability. Thirdly, the ECIOU Loss is used to replace the original
CIOU loss function to improve its detection performance in complex environments. Lastly, the small target detec-
tion head PWHead is reconstructed to better capture the details of small targets. The model is evaluated on the Ro-
boflow public dataset and its performance is compared with other mainstream models. The experimental results
show that the accuracy of the improved YOLO v8is 90.2% , and the mAP@50 is 86.9% , which is 2.2% and 1.3%
higher than that of YOLO v8n respectively, and the detection efficiency is improved.
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Fig.1 YOLO v8 network architecture diagram
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Fig. 3 CBAM network structure diagram
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Table 3 Comparison of the result
indicators of different models

mAP@ Parameters/ Model

Bk P/%  R/%

50/%  (10°4~)  size/MB
YOLO v5n 89.6 95.8  85.3 4.51 6.23
YOLO v7tiny  89.3  97.4  83.1 4.66 18.23
YOLO v8n 88.0 96.7 85.6 2.37 4.31
YOLO v8s 88.4 94.2  86.5 15. 31 25.75
YOLO v8m 87.8 92.3  86.2 21.06 35.36
SSD(Mobile-
Netv2) 84.6 741 T76.2 4.03 6.37
Faster- RCNN - -
(Resnets0) 84.5 76.3 73.5 22.37 45.31
MK YOLO VS 90.2  98.0  86.9 3.01 5.95
A
4 #& B

A SCER R S WA R T L E A
i 22 R FIORG BE AN 8 0 Tn) B, 48 11 T 2 T ECIOU 2%
K AR YOLO v8 H 5 I 5 32 - 76 FRAE $2 B
51 A CBAM #i 3t .GConv fil SENet 1 7 J1 #LH , A
P& T XF KL H bR AL B R AR AE (1 B BE T 5 4R
7 PWHead £ 3k 12k ] ECIOU # 2% pRi %L, LA
Pt o E A KG BE

T Rl S 58 43 BT 3 B, 2 SCRY B A~ W0HE A X A
AU BE P AR T IE TH S R, £85I e B e A A
1 FRAE 2R A BE 1 LAk B bR O s SR
o [ i o I = I T oL R s A= |
.

X LS5 A3 R B etk S YOLO v AU 7
ANER 7 SRllE & S A= N 753 N Rl VA
A B . ke o & 22 SRR v 9 H AR
Bt T —E S HE WM E s BE G MM T
SRR DU AL R AR AR AL T AT HE A 4 R
XHFo

& % X

(1] WILZE, PA, LOKR, % ETHBEREA RN &
FPERER ST LT ] DI R 24 2 4 (1 AR BF 24 ) L 2019, 56
(5): 843-850.
PAN Weijun, LUO Jie, WANG Shaojie, et al. Taxiing
tracking algorithm of aircraft on the ground based on the run-
way—taxiway system constraints[J]. Journal of Sichuan Uni-
versity (Natural Science Edition) , 2019, 56(5) : 843-850.
(in Chinese)

(2] tade, BAWIAE, JVIRmE, 45 KBS ST HLY b 1 B ) 2838



XX M

ER AL JE T ECIOU §5 4 A YOLO Y35 5 00 A H AR A6l 9

[7]

[8]

[10]

PRERAE AT [T]. iz 2740, 2016, 37(6): 19211930
YANG Lei, HU Minghua, YIN Suwan, et al. Characteris-
tics analysis of departure traffic flow congestion in mega—air-
port surface [J]. Acta Aeronautica et Astronautica Sinica,
2016, 37(6): 1921-1930. (in Chinese)

RICCIARDI J M, MINWALLA C. Non-intrusive flight
test instrumentation using video recognition [C] / AIAA
Modeling and Simulation Technologies Conference. San Di-
ego, California, USA. Reston, Virginia: AIAA, 2016:
ATAA2016-1435.

B, ARt JET IR ) R HLY i H AR I 5 R
ERRORBFFE[T]. I, 2021(2) : 51-52, 66.

LI Yandong, XIA Zhenghong. Transfer learning based re-
search on object detection and tracking for airport surface sur-
veillance[ J]. Electronic Test, 2021(2): 51-52, 66. (in Chi-
nese)

HOF, KR, IeAh, 4. B RATASTERIX 4l 5 i
RSN R LT] BaE RO S TR, 2023, 23(7)
2916-2921.

TONG Fang, ZHANG Xuanyi, QIAO Yi, et al. A fusion
method of civil aviation ASTERIX data with video surveil~
lance at remote tower[ J]. Science Technology and Engineer-
ing, 2023, 23(7): 2916-2921. (in Chinese)

HE R, BB, SR, S5 Bk SSD L i £ R
FbR A 05T 8k (7). 3H 50 0L T/ 5 01, 2022, 58(5)
264-270.

HUANG Guoxin, LI Wei, ZHANG Bihao, et al. Im-
proved SSD-based multi-scale object detection algorithm in
airport surface[ J]. Computer Engineering and Applications,
2022, 58(5): 264-270. (in Chinese)

KR, SEENE, BERE, . HARIERE S Rgckat S
[T]. fiias TAEERE, 2023, 14(1): 98-103.

ZHANG Ying, MENG Zehai, RAO Qiulei, et al. Target
tracking mission system design and application[J]. Advanc-
es in Aeronautical Science and Engineering, 2023, 14(1) :
98-103. (in Chinese)

FroO i, ek, SR, Al R S DR B bR
Brid]. iz TARBERE, 2024, 15(1): 61-68

QI Xinge, BI Sheng, ZHANG Nan, et al. Risk impact indi-
cator analysis of runway excursion event [J]. Advances in
Aeronautical Science and Engineering, 2024, 15(1) : 61—
68. (in Chinese)

BRAARL, SR LW, B, AF L kT U Faster-RCNN Ay AL
Y/ BRI I S B [0 ]. v B A L K K244 40
2019, 51(6): 735-741.

HAN Songchen, ZHANG Bihao, LI Wei, et al. Small tar-
get detection in airport scene via modified faster-RCNN/[J].
Journal of Nanjing University of Aeronautics & Astronau-
tics, 2019, 51(6): 735-741. (in Chinese)

B e . BT EMR AL B HLY H AR 23 28R 58 (7], H i i
5K, 2020, 16(23): 178-180.

LIAO Shenglong. Research of airport target classification

[11]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

based on image processing [J].
Technology, 2020, 16(23): 178-180. (in Chinese)

AR, KRR, LA, AF . AR T Uit YOLOVT i fiRas &
PRy HARA I J7 ik ()] DLk TR, 2024, 54(3) : 633~
643.

7ZHEN Ran, LIU Yuhan, MENG Fanhua, et al. Low alti-

Computer Knowledge and

tude flying target detection method based on improved YO-
LOv7[J]. Radio Engineering, 2024, 54(3): 633-643. (in
Chinese)

REDMON J, DIVVALA S, GIRSHICK R, et al. You on-
ly look once: Unified, real-time object detection[ C]// 2016
IEEE Conference on Computer Vision and Pattern Recogni-
tion (CVPR). Las Vegas, NV, USA. IEEE, 2016: 779~
788.

Woo S, Park J, Lee J. Y, et al. CBAM: convolutional
block attention module [C] // In Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition.
US: IEEE, 2018: 955-963.

KRIZHEVSKY A, SUTSKEVER I, HINTON G E. Ima-
geNet classification with deep convolutional neural networks
[J]. Communications of the ACM, 2017, 60(6): 84-90.
HU J, SHEN L, SUN G. Squeeze-and-excitation networks
[C]// 2018 IEEE/CVF Conference on Computer Vision
and Pattern Recognition. Salt Lake City, UT, USA:
IEEE, 2018: 7132-7141.

ZHENG Z, WANG P, LIU W, et al. Distance-IoU loss:
Faster and better learning for bounding box regression[ C]//
Proceedings of the AAAIT conference on artificial intelli-
gence. 2020, 34(07): 12993-13000.

W, BSEE L BT YOLO v8 1947 2530 R R [T].
WHRAL TS, 2024, 60(9): 151-158.

CAO Chao, GU Xingsheng. Baggage tracking technology
based on improved YOLO v8[J]. Computer Engineering
and Applications, 2024, 60(9): 151-158. (in Chinese)
ZHENG Z, WANG P, REN D, et al. Enhancing geometric
factors in model learning and inference for object detection
and instance segmentation[J]. IEEE transactions on cyber-
netics, 2021, 52(8): 8574-8586.

ZHANG Y F, REN W, ZHANG Z, et al. Focal and effi-
cient IOU loss for accurate bounding box regression [J].
Neurocomputing, 2022, 506: 146-157.

Howard A G, Zhang M, Chen B, et al. Mobile Nets: Effi-
cient Convolutional Neural Networks for Mobile and Real-
time Vision[J]. In Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition. 2017, 1704:
4687-4695.

ZHANG S, ZHANG Z, et al. Distance Intersection over
Union: A Unified and Differentiated Loss Function for Ob-
ject Detection [J]. Proceedings of the IEEE/CVF Interna-
tional Conference on Computer Vision, 2020, 9491-9500.

(445 : 53 FF)



