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Improved multi-scale target detection model for aerial
photography based on YOLOv8n

Jia Liang Chen Maohui Wang Qi Xu Cheng
(School of Electronic Information Engineering, Shenyang Aerospace University, Shenyang 110136, China)

Abstract: To address the challenges of small and densely packed targets in drone aerial images, which are prone to
missed and false detections, this paper proposes an improved multi-scale target detection model, UCM-YOLOvS,
based on YOLOvS8n, for complex backgrounds in drone aerial photography. Initially, a pyramid network structure that
integrates aggregation and diffusion mechanisms is designed. enabling features at each scale to capture detailed
contextual information. Second, a task dynamic alignment detection head is introduced to learn interactive features
from multiple convolutional layers, enhancing detection precision. Furthermore, the effective integration of the
convolutional additive self-attention mechanism with the C2f module further strengthens the network’ s feature
representation capacity. Finally, the Wise-Inner loss function is employed to replace the original CloU loss function,
suppressing harmful gradients caused by low-resolution images. The proposed model was validated through comparative
and ablation experiments on the VisDrone2019 dataset. Results show a 10.8% improvement in mAP50 over the
baseline model and a 9. 6% reduction in parameters. These findings demonstrate the model’s superior performance in
detecting small targets from drone perspectives, making it well-suited for drone aerial image applications.
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Table 2 Ablation experiment results

Jrik C2f-AdditiveBlock  ADPN  TDADH Inner-WloU P/% R/% Params/10° mAP50/% mAP50:95/%
1 44.3 34,0 3.01 33.9 19. 8
2 N 46.3  34.0 2. 89 34.5 20. 1
3 NG N/ 51.8  40.2 3.15 41.7 24.9
4 NG N N 51.5  42.4 2.72 43.8 26. 6
5 N/ J J J 53.9  43.4 2.72 4.7 27.1
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Table 3 Comparison of experimental results on

loss functions

BAWE P/% R/% mAP50/% mAP50:95/%
CloU 44.8  33.6 33.9 19. 8
DIloU 44.4  33.9 33.8 19.7
EloU 44.8  33.1 33.5 19.7

WloUv3 45.0 33.9 34.0 19.6

Inner-WloU 45.0 34.0 34.2 19.9
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Table 4 Comparison experiment results of various algorithms on the VisDrone2019 dataset

HE A mAP50/ % mAP50:95/ % Params/10° GFLOPs
Faster-RCNN—+ResNeXt101™ 40. 2 22.6 108. 60 233.0
Cascade-RCNN+ResNeXt101™] 41.2 24. 4 156. 60 276. 2
Swin Transformer™" 35.6 20. 6 34. 20 44.5
RT-DETR™" 44.7 27.0 20. 00 57.3
YOLOv5n 25.7 12.9 2. 65 7.7
YOLOv5s 32.9 17.8 9.14 24.0
YOLOv8n 33.9 19. 8 3.01 8.1
YOLOvS8s 40. 1 23.9 11. 14 28.6
YOLOv11n™ 33.3 19.5 2.62 6.5
YOLOvl1s 39.4 23.6 9.42 21.3
UCM-YOLOVvS 44.7 27.1 2.72 26. 2

Faster-RCNN+ResNeXt101™7  Swin Transformer™”
YR AR W XU Be LA K 22 B Be Sl vk, JB 3 1 H A e ) Ay
MRS BE S8 DL Rt S Rt . 5 3 0 S8 A
BRI RT-DETR"W A B W0 BLULZEAS B8 AR ERH B,
B F RT-DETR J& % F Transformer Z2 ¥4 52 B 46 ) 452
AL, [ 53 BOL S 80 M8 R, HE LU R AE TE AL
XA R IR LRREETT. YOLOS i T C3
HET SR 1Y C26, T R T 300 2F B 0B BEAE s T 4
AELR IR Ty (153 Fo i B HERE L T YOLOVS , 1 55 57 4 i
1 YOLOVI1® A T C3K2 BiHe LA K B 1T 43 85 £ LA 5
A B AE SR AT O R — 8 B JHR T 5
M BT R R M. UCM-YOLOvS % F i3 2 HAT 1R

TR YOLO BAL, Ui AE T+ 5 8 07 10 A AT 82 71, (B AE S
BE LR A T DL LR o BRAR DA K s BRAR, I H 7R AR Y
K/INT7 T A5 X B IR AR i T R, Bk e R AR
FEA T bR LS8 2 T B RMAR A YOLOv8s 7,
F0 43 UE W T AR SRR WOk A Rt

it — R AL S P E BRI IR T YOLOVS Y
AR T SR SO B AT AT S . SRIRSE R IR 5 T
AN SCHRL293EF YOLOvVSs R FH sh A48 I 3k 42 TH 46 I RS
BEIF 456 BIFPN RlA /) B Ar s T J2 B AR I 2 Hci 1 4%
TS BRSO TR YOLOVS &ss, Sk [30] MKt AT 48 &
B AHE Cof B T 5| 56 U AR R A& T BIR bk
FE X3, LA 3 5 R AE 4R AR J7 . SM-YOLOv8™ 38 1 i3
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T # K

I SOEP #8522 4~ 4 32 1 22 F 1 38 1 ALk filf 4
R SCAE B B SRR AE B ECLL R @A RE T R A T
Fh AR T K AU B (8 o e S 802 R A BT s,
MECW-YOLO 3%l #2 f4k £ F M 4% MobileViT e it
TR T 46 ) I A 58 CCFM 28544 JELARL , I 1 22 R 49 110 7
& K RE A BT 42 T (H 2 B0 i /N T UCM-YOLOVS,
SR 45 R R, UCM-YOLOVS 75 £ 0K 2 7 | #4948 T [
GRS , OUL AR S 80 Jr g o T SCER (300 DL &
MECW-YOLO fBZ5-5 R , 52 i k6 DU oKG B o8 f ) T
e ) T A R A 1 TE A ML AT 55
2.7 WK SH

Sk O PP S S S A A 5 b i R B A SO
e HLT K 5 3 5 L W IR) 75 B 4 5% LA B e 2 IR AR £

(b) YOLOvSn

(a) Original

B 11
Fig. 11

M EEATLUE SR VIR hRER R R 24
P BT X SRR A2 2 NBFR TR A S 00 L 56 3 AT
T YOLOv8n Bk [RIRE H BT %R F0 B 04 T 46 1 20, T
RS Y S N AR R AR B s TR 5 2 AT R A p
YOLOv8n B3k ] 3L T K o o 6k 152 46 A 20 40 B9 15 O
TG R ) UCM-YOLOVS #5550 ) 36 T 3R 46 13X — 15 1E .
HE AT DA A SCRE S & M Tt s TR/ E
FrAs il

3 & g

AR SCER %I AL EG B pr /N & 5, Bk S
B AR R A 55 ) JE, 48 T UCM-YOLOvS B A U 5
P EELVEIHIER G e F MY, D EmikEYy
T2 B R AR Rl A LR T 55 Bl A8 % 558 3k L 78 B AIK
SHCE Y [l o 2R 43 SOM T A8 T, 5k &2 ROBE 4
TIF B B2 BCRE 7 5 v VI R B B9 20035 L B A B B
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Table 5 Comparison of experimental results between the

improved model and various new models

LT mAP50/% mAP50:95/% Params/10°
ik[29] 41.7 — 9.2
SCHkL30] 40. 4 24. 4 2.3

SM-YOLOv8n™" 37.4 — 3.3
MECW-YOLO™ 39.1 23.3 2.4
UCM-YOLOvS 44.7 27.1 2.72

W s S EANERERN ST AT AL SR B 11 5 5
& T JEE . YOLOv8n 5 UCM-YOLOvVS 1 # I &5 5 %t
L,

i e

" (¢) UCM-YOLOV8

LRl &0 R

Comparison of detection results

PR AL 2 C2f Bierh, 42 @y RRAE 4R IRE )1 s e o %

Inner-IoU il Wise-IoUv3 #4554, #2 H Inner-WloU #i &

BRI BSOS A A 2R R B, 7 O T U Y A R TR AT B G

/N F R . fE VisDrone2019 B 4 h i s2 50 25 R W]

PR A RS B L R B ek A 5 T AR T 2 T R A

WA — U IR AR TE TE AP A T B/ B AR

A6 DN RN S 38 A JE A HILA 1 A 8 T

5% 3Lk
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