18, 834 oK WoF W W H A %47 % 410
lfui Sl R L .
y ELECTRONIC MEASUREMENT TECHNOLOGY 2024 45 A

DOI:10. 19651/j. cnki. emt. 2415864

H [T ALEERN S S R E B iRl
RERNHRESEZIM

g'& $1,4 1}.&,%_1,4 % gl,% I:':,] 4*2 é__k’ﬂ_lﬁl
(1P T KFHEMAFZEHRFR M 110142; 2, MARE FRAZE S dl%i% Jo 110167
AP KFEMEL LR LTS K 110142; 4, T T AL TR I L HREALERELEZRET A 110142)

W OE: AN R WL A 2 5 AUk, B AR I ARG E RABEE . G P ERERERERE 2
RUEJE M, JUHIE/NRSE B AR, LUK B FRR 25 5 52 81 A [R) B2 B2 (A 308 4 . 4 X6 3 26 0% 55 A e 1) ) J80, AR S i T
— R R oA 2 RE BFs MR, YOLO-DDE, B4, AR T T CEMA fil CED % BUBtHe, 8§58 17 8+ W 4%
Xt 22 ROBE {5 BB A B BE 70K 40 R AF B HIURE 7 L AT SE B0 AE & 2% 3 o 1 S IORS B0 i U R85 . b, AR S o X FPAN
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Research and implementation of dynamic multi-scale target detection
model for UAV surveillance

Zhang Yu'' Wang Yanji'* Ma Hui'? Yan Kai® Li Dazhou'"*
(1. School of Computer Science and Technology, Shenyang University of Chemical Technology,Shenyang 110142, Chinaj;
2. Department of Information and Control Engineering, Shenyang Institute of Science and Technology,Shenyang 110167, China;
3. Network and Informatisation Centre, Shenyang University of Chemical Technology,Shenyang 110142, China;

4. Key Laboratory of Industrial Intelligent Technology of Chemical Process of Liaoning Province, Shenyang 110142, China)

Abstract: In the fields of UAV reconnaissance, security monitoring, and autonomous driving, target detection technology
faces significant challenges. Targets in images often exhibit multi-scale attributes, making detection of small-sized targets
particularly difficult, and targets are prone to various degrees of occlusion. To address these pressing issues, this paper
proposes an innovative dynamic multi-scale target detection model: YOLO-DDE. Firstly, novel CEMA and CED convolutional
modules are introduced to enhance the backbone network’s ability to handle multi-scale information and extract fine features,
thus achieving more precise recognition in complex scenes. Additionally, the FPAN network structure is innovatively
restructured into the DFPN structure, which employs longitudinal cross-scale fusion technology to significantly improve the
model's scale feature fusion effect. Finally, a dynamic detection head is introduced, proposing the DD-Head structure, which
strengthens the model's ability to handle downstream tasks. In summary, the proposed YOLO-DDE model, with its dynamic
multi-scale structure, provides new possibilities for improving target detection technology performance. Experiments on the
PASCAL VOC dataset were conducted to validate the proposed model. Compared to the current state-of-the-art model
YOLOvS, the YOLO-DDE model achieves a 1.8% and 3.2% improvement in evaluation metrics map50 and map50-95,
respectively. Furthermore, generalization experiments on the VisDrone, HIT-UAV, and FAIRIM2. 0 datasets validate the
model’s strong generalization ability.

Keywords: attention mechanism; multi-scale; decoupled head;deformable convolution; DFPN
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FAC R34 5 B B C2F, WioU %5 ¥ 5 A5 14 341 5L HE 3 2%
PR, BAIH LS HR TR LR L 58 T e
T, HR W T R s — R S AT RR
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DD-Head) 3 — 25 IR I gl ARk L 98 5 15 TR A 00 ik # Sk gk
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Parameters Setup
Epoch 300
Batch size 32
worker 12
OPtimizer SGD
Momentum 0. 937
Initial Leraning Rate 0.01
Final Leraning Rate 0.000 1
Weight-decay 0. 000 5
NMS IoU 0.7
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FEABEGE A, AL T IZ 0SB PG T AR SCHR
YOLO-DDE R PERE . X 265056 B 76 38 i 5 Ho Al 5 3F
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SEG RN 4 Fios, VEAN R R T AR BE B9t AT .

% 4 YOLO-DDE 7f PASCAL VOC & 5
H fit 5 A2 B 9 3T BE L6
Parames/ Flops/ mAP50/ mAP50-95/

LY

10° G % %

Fasterr RCNN-VGG16 136.8 369.8 73.6 —

SSD 24.1 61.2 76.8 —
YOLOVv5s 7.07  16.1 78.6 53.7
YOLOv6s 13.14  30.6  84.1 63.5
YOLOv7-tiny 6.07 13.3  79.0 53.3
YOLOv8n 3.16 8.9 782 57.7
YOLO-DDEn 3.00 8.5 79.8 59. 2
YOLOv8s 11.14 28.7 82.5 62. 1
SCHk [ 7] A 10.9  30.7 83.0 63. 4
SCHRL8 A A 10.7  31.6 83.1 64.1
SCHKL9 A Y 10.3  33.1  82.9 63.0
SCHkC 104 A 11.1  33.7 82.8 63.8
YOLO-DDEs 10.47 31.8 84.3 65.3
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