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BG-YOLO: A low-altitude slow-moving small UAV targets detection
method in complex large field of view

Wang Yinglong,Sun Bei,Ding Bing,Bu Desen,Sun Xiaoyong
(College of Intelligence Science and Technology, National University of Defense Technology, Changsha 410072, China)

Abstract: This article proposes an improved UAV target detection algorithm, BG-YOLO, to address the limitations of existing UAV
detection models in terms of model size, computational resource requirements, and the detection performance of small targets. Based on
YOLOv8, BG-YOLO adds detection heads to the high-resolution feature layers, effectively reducing information loss during image
downsampling and significantly enhancing the model’ s ability to detect small targets. The introduction of the Biformer attention
mechanism enables precise capture of long-range dependencies in images, thereby strengthening the model’s perception of targets at
different scales. Additionally, the incorporation of the NWD loss function overcomes the issue of traditional loss functions being sensitive
to positional deviations in small target detection, thereby significantly improving the model’s robustness. The model’s lightweighting
based on GhostNetV2 replaces traditional convolutional modules, reducing model parameters and computational load while maintaining
detection accuracy. Experimental results show that BG-YOLO achieves a 10. 3% improvement in mAP@ 0.5 on the Det-Fly dataset
compared to YOLOvS, with a 33. 18% reduction in model parameters, and a 7.9% improvement compared to YOLOv9. Moreover, on
the self-collected dataset, BG-YOLO demonstrates excellent performance in detecting low, slow, and small targets in various scenarios,
including sky, mountain, and urban backgrounds, achieving average precisions of 96.2% , 88.1% and 86.2% , respectively, with
detection speeds of 150.36, 128.21 and 112.53 fps. These results meet the real-time requirements of high detection accuracy and
speed. In summary, BG-YOLO significantly enhances the detection accuracy and real-time performance for low, slow, and small UAV
targets through the design of detection heads, incorporation of attention mechanisms, refinement of the loss function, and model
lightweighting, thereby offering broad application prospects.
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Fig. 1 Typical drone detection and countermeasure
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Ghostv2Conv I GhostNetV2 Bottleneck ZH il #¥) Ghostv2C2f
45K 2(c) BiR,
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BN ReLU Q

[ Ghostig ][ DFCi+E 5 ]

T

[ GhostfgHk ][ DFC;¥E ]

RESBEHR

(a) 25 #=1/IGhostNetV2 Bottleneck (b) 25 #&=2ff1GhostNetV2 Bottleneck
(a) GhostNetV2 Bottleneck with a (b) GhostNetV2 Bottleneck with a
stride of 1 stride of 2

K7  GhostNetV2 Bottleneck 4514
Fig. 7 GhostNetV2 Bottleneck structure
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3.1 BIREFITIER

ABIFTE BT L S 50 R0 i S 30 £ P 7 B8 B J2: Det-
Fly B4 PR TE A R 1T THAE, Det-
Fly $iofii £ F1 H R 46 i 46 7m0 0 ) 151 8.9 B,
Det-Fly ¥4 Jy2s %23 (9 Jo AWLR I 3 55, Feh HAR Y
SFIEMRE G L 0. 117% R T/NA AR 0. 12% R R L
I, B AFE 5 A MAAAXTE R . A RIS
T RE L #REY S B HRR B ER S R
0. 045% , A T/N AR 0. 12% MR E R/ e, KRG+
M2/ NTE AN BB EAERIR

TEVEAG TR 5 J5 T, A58 R P 240K B2 25 {8 ( mean
average precision, mAP) & T 2 BB A TR (frames per
second , FPS) VE M HY Y BRI FEHR .

HE 0 2R ( Precision ) o787 AT A WS R U 4 1F 2819
FEACH  SCBR N TEZR B L A1)

TP
TP + FP

Hrp, TP REIEH] (true positives) N4 S, FP 2R
1EH ( false positives) B4 5 .

13 (Recall ) FR7E T A bR A IERBREA
LAY T Ay 1F 2 LA .

Recall = T (15)

TP + FN

i FN 2B (false negatives) NS

—leﬂj*dﬁaﬁ( average precision, AP) B FhzE S REVE
fliE bR, BRAGAT RO S W B B FE AN W] B R R, LA
KRR AL AR, A IR YA BRZ ] P-R thZk 11345
FH P-R T WA & 280 19 AP, R &2 5] AP

(14)

Precision =

8  Det-Fly ¥4 7% 7
Fig. 8 Det-Fly dataset example

Ko  AREHE
Fig. 9  Self-collected dataset

BYIIEAE R mAP , AR BT,

SRR SR N 24 B T 7 L SR S EUR AL, B R
P B AT % B A B AR AR, SRR, BRI A 4k
JE B, DT 5 22 B 22 N AR A X S B 2

T34 P A T g Ak Yy T4 Mt 50, %o ARG T A 7
PEREZ OCH B, B iy Wi R TR HA 25 A A 52
B fig
3.2 XIRIFE

AWFFE T SEAE Det-Fly B4R AT 7% 5L GIE
BT 5 BT E SRR A RUAR L, SGH Y BG-YOLO
TERIRDRG B RN AR 20 0 B Y Ab F e KV, B, NAE
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Det-Fly By 4 EHEAT TIH B SCH, S0 Uk 1 &> ki o
AR, R, 8 AR MRS BN T IR Rk
QAT 10 s A RSB T B R SC e i . Ik 2
7R AT A R B TR

. e

(b) AT ABL
(b) UAV target
K10 SEsrite
Fig. 10  Experimental equipment

(a) JaRL AR
(a) Electro-optical pod

®2 HEREBITRE
Table 2 Algorithm operating environments
EM 18751 WA
WEE T Python3. 11
TR 2] B8k Pytorch2. 0. 0
CUDA 11.8
BAER S Winl0
GPU NVIDIA RTX4060(8 GB)

3.3 Xftbxie

SR B UE AT S A A, ABIFSEAE Det-Fly i 4
SRR B ARG DALY AT X L, 25 3 an 3 3 4
N B3 4 a] S0, fd ] Det-Fly B0¥E 4, BT 25 45 BG-
YOLO HJ mAP@0.5 3 91. 5% , 00 T HAl 32, H
FRIFVAT Bl AT 52 P ) 388 Jon i 2 R, AR
1 YOLOv8 L, ik BG-YOLO &k mAP@0. 5 4275 T
10. 3% , fE/NEFRRIN_EFRIMIC AR ;5 YOLOVI ML,
BG-YOLO BLAY mAP@O. S 45T 7. 9% . LA LEHE N
RIRIYIZE T 80 4~ epoch fHEI A L5 HE . A3 IR K 2R A
SEEIRS R Z & 11 Fios

R 3 Det-Fly #iFE L FRERBEEXT L

Table 3 Precision comparison of different models on

Det-Fly dataset (%)
G S iz mAP@0. 5
YOLOv8 81.2
YOLOv9e 83.6
Faster R-CNN 70.5
Det-Fly
SSD512 78.7
FPN 78.7
ENGIH 91.5

&4 Det-Fly H#EE ERFERE FPS Xttt
Table 4 FPS comparison of different models on Det-Fly

dataset
G LY FPS
YOLOv8 125.26
YOLOv9e 156. 21
Faster R-CNN 17.51
Det-Fly
SSD512 42.33
FPN 15. 89
BN 127. 65
0.95 0386 |
3 094 W 0.84 -
= [
E 093 re 082
0.80 -
092+ ——GE R LR ——45 R
e SR 2 0.78 1 PR
0 50 0 50
AR B EARKB
(a) FEH (b) AMEZE
(a) Precision (b) Recall
0.56
= 0.90 o
® & 0.54
i i
#= 0.88 #£0.52
r ®
B B 0.50
0.86 + e GEES ——
N R 2hii k7 048 e SEWR IR
0 50 0 50
R BEARWB
(©) IoU=0SKIPIREEHIME.  (d) ToUHE0.5~0.95 P34 BE 391
(c) mAP@0.5 (d) mAP@(0.5:0.95)

& 11
Fig. 11

BG-YOLO 7E Det-Fly 45 I A4 4545
Detection metrics of BG-YOLO on the Det-Fly dataset

3.4 HEASEIE

R T VPR R [ EACGHE XA AR () 52 M), 76 Det-Fly £8 42
AT TR, S5 IR AN 5 TR, YOLOvS L4k AR AU 7E
mAP@ 0.5 #6458 R3] T 81.2% M HER R, B8R N
3.011 M, ZhFHFEFE A 125. 26 fps,,

TSI B 7R, 454 GhostNetV2 Xf YOLOv8 4k 45
RIHAT IR ARG | BB mAP B % 80. 6% , {H &%k &
/0% 1,855 M, FPS $2 T+ & 153.85, BRKE A FF F
W (OESBORME RIS T A T osE, fEse3Emt bt
AN Biformer TE 7 F1 NWD $15¢ sRECH P2 /N H AR
Sk BHIE T XS 5 i X B AR RO B A R R AR
I P2 K ISK 5, mAP i 4R T2 89. 7% , S H R FE =
1.746 M, FPS W& 2 131,58, &, %1 YOLOvS
AN P2 /N HARKE I Sk 19 B il B 454 Biformer 1 7



24

LIl 4 :BG-YOLO : & 28 KA T ARAZ /NTE AL A 5 ik 263

%5 Det-Fly Hi#E&E LRHEMEIEER
Table 5 Ablation results on the Det-Fly dataset

HHY mAP@0.5/% SHU/M  FPS
YOLOv8 ( baseline ) 81.2 3.011  125.26
YOLOV8-Ghostv2 80. 6 1.855 153.85
YOLOv8-Ghostv2-Biformer 81.7 2,121 147.05
YOLOv8-Ghostv2-NWD 83.8 1.855 153.26
YOLOv8-Ghostv2-P2 89.7 1.746  131.58
YOLOV8-Ghostv2-P2-NWD 90.2 1.746  132. 14
YOLOv8-Ghostv2-P2-Biformer 90. 3 2,012 128.87
YOLOV8-Ghostv2-P2-Biformer-NWD 91.5 2,012 127.65

JIRT NWD 512k bR I, ASERORS B B TR R 2 (D s
FHRTA AL S ms iF AR mAP K8 T 91. 5% , B8
K 2.012 M, FPS } 127. 65, i - HE TF T B RORS 1 - P& A%
TERRE,
3.5 AEBEH BRGNS R AT SS T

HE—2 % BG-YOLO 7E Det-Fly B4 # [ %4 B
BRI 5T IR /0N B AR A I 25 5647 43 #r, 25 51
SyralangE 6 f1 7 Wi, nLUE M BRSS9 R 2
P I T B R 25 5

R 6 Det-Fly R & A E 37 = R R REIE IR
Table 6 Model performance indexes of different scenarios
in Det-Fly dataset

Y LIRS 4 Il =R mAP@0.5/% FPS

PN 0.958 0. 969 97.3 140. 85
113 0.935 0.934 93.3 125. 46
Wi 0.921 0. 856 88.2 108. 70

*7 BREHEEPAEHIER SRR
Table 7 Model performance indicators of different

scenarios in the self-collecting dataset

Ykt RS A a2 mAP@ 0. 5/% FPS

Rz 0.981 0.979 96. 2 150. 36
ITE:C] 0. 907 0. 896 88. 1 128.21
A 0. 891 0. 856 86.2 112.53

FLUAR U AR AR Oy B — 1) R a3 75 50T R D 14 g
B HER IR E G R 0. 117% B Det-Fly $di 45
FHBREEMR 2R A HE R 0. 045% 1Y H 2R R4 EHH
5T ARG R 25 2, K25 5 F BG-YOLO 1Y mAP@
0.5 73 3 4 97.3% Hl 96.2% , Wi %43 5] Jy 140. 85 I
150. 36, MTF AR A 4T, L ange L b 75 5o AL (Y
R FE RS U TR S B T — 2 A T A3, mAP@ 0. 5 43 5]

k1 93. 3% 1 88. 1% , JLHIEAE T Ry 5 2% () 3k T A 515
o BT AR A BRI 4 LS ORI R R R T
88. 2% Fl 86.2% ., BG-YOLO 7£ Det-Fly ¥ 5 A1 H >R 4E
BEAE LR RS 5 aT AR S R A A an &l 12 ~15 Fiis

f O

e UAY

K 12 Rasigsmmimgt

=

Fig. 12 Sky scene detection results

UAV

UAV

B 13 g s 2

Fig. 13 Mountain scene detection results

K14 sl stasias

Fig. 14  Urban scene detection results
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(a) RZEHFRIL R
(a) Sky background detection results

(b) BHH TR LR

(b) Building background detection results

(o) it FRMIZS R

(c) Mountain background detection results
K15 A REREAEA R S SR 45 51
Fig. 15 Detection results of different scenes from

self-collected dataset
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