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Small Target Detection in UAV Aerial Images Based on High Resolution Feature

Enhancement
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(College of Telecommunications and Information Engineering, Nanjing University of Posts and Telecommunications, Nanjing

210003, China)

Abstract: Aiming at the problem of low detection accuracy caused by complex background and dense
distribution of small size targets in unmanned aerial vehicle (UAV) , this paper proposes a small target
detection algorithm based on high resolution feature enhancement. Firstly, a high-resolution feature
enhancement network is proposed, which expands the scale of the output feature map by reducing the sub-
sampling times of the backbone. At the same time, the bilinear interpolation is introduced to reduce the loss
of feature information after up-sampling, thereby preserving more semantic and detailed features. Secondly,
the spatial pyramid pooling-fast module combined with the cross stage partial structure is embedded in the
backbone to enhance the information fusion of local and global features, so as to obtain a larger receptive
field. Finally, the mosaicmixup data enhancement method is used to enhance the complexity of image
background and improve the generalization ability of the model. Experimental results on the public dataset

¢

VisDrone 2019 show that compared with other mainstream algorithms such as the “ you only look once ”
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(YOLO) series, the mean average precision of the proposed algorithm has significantly improved. The
advantages of the proposed algorithm have been verified in different scenarios, indicating that the algorithm
has strong practicality for dense small target detection tasks in UAV aerial images.

Key words: small target detection; unmanned aerial vehicle (UAV) aerial image; spatial pyramid pooling
(SPP)

51

[l

Bifi % T AN AILTE 223 IR P 4000 W e Iz I A A0 R B B 5 T R B TR
2 2] B To AL EUR A D B 1 i S 8 1 — A i 98 T o HL 5 A B 0 H AR A AT 55 A0 1L
FOLFE1 PG 00 v s P R R BE ) L b A /IS b o B 2 e R A ke T Y 2 1A T AT B/
H b5 1A BRAFAE 42 4 3 2 08 2 (0 RR 1R 2. .

AT R T TR B 2 20 0 L b A 0 B 3k S 0 Sy T 2 TR oA B T B 9 R — P Bk D AR, e g
7 B ) B 6 R A A S DX, R X6 A 3 DX A AT 0 28 R 7, DX B A B £ 09 4% (Region-based
convolutional neural networks, R-CNN) & %1 3 #:**' Mask R-CNN %3 "'/ fl Cascade R-CNN #3410 45
L3 2y 3 A W0 5 R e A A A DX R s AR B K BT ST o — B B T B 7 2 A A W)
HEXT E A 247 28 590 500 F1 78 A7, AT LAAE AN 32E 47 3 DX 309 15 250 58 1l s 280 e 1) B s e 0 o R0 7 5 7 By
BRI B R LU, — B B A W00 B8 114 1) 4% 45 vy B 7 BRL i A B SR, AT B R S A AR R
F — K (You only look once, YOLO) Z 55531 B & 5t 2 i HE K6 T 2% ( Single shot multibox detec-
tor, SSD) 3" RetinaNet 845 0 SR, & AT T/ B AR A7 78 K A F8E 41K 14 ) At

R i /N BB A IR E ARG % o) R, I 58 3 AT T4 T K i Tk O 58 ik S Uy T iR AR AT 4 R 4
e (1) 42 v B ACRR A 04 20 9 3RS (2) 0 SR RE B 3 55 (3) R S T (4) 2 R 2
U Zhan A5V i AE YOLOVS B &AM /N B ARAS )2, 47 25008 5 1 /0N B AR AR 035 5% {H i Fh
ek AR R A 2 B3 b T R R A R B R T R B . Lim SR T AT R S
T 0/ AR A I B i 3 ok 3 5 0 2% X8 /N AR 93 S 0, DT AR — o R R m A AL XN H AR
TR BE 7, E X G DK B2 (0% i 2 A B, AN R A 4 1 5 U3 52 3% 557 8 1 JC A LA HA IR R AT 55 o e dh
Song % P T — R LT 22 R AR GRS A /I ARSI B A SRR AR 4 e A AR, ST AR A0 R
J2 B T SCREAE R 43 B3 2 09 4815 REAE 09 78 43 BlG , DT 8 Z0 B A6t /N H B 1) T G R R A o (HIZ 7 1
4 R A A AR Y S, 32 I 28 2 B0 T R S ORI S RO 3 0 AT A i BE T v, DT e SR TR Y A
ARG

PR 2k T AN HILER 46 b /N B bR 23 A % 4R 38 03 IR IR /N B bR Hi e 225 50K DR B2 IR DL K% G 28 411 1)
T B H bR A AR A5 0] R, SR R B s ARG I B AR X A B AR RCR o PR AR SCHR T — i g3 B
FRRFAE 1 5 0 JC A AL /N B A A DA B A it 4 BE R AR AR 3 0 ) 2% H-YOLOVS, % 5 YO-
LOvS5 04 3 T P45 A0 647 Bk ok, il 2 gD 3 T W4T SRAE B AR BOR Y KK s Rk &1 09 RUOEE, [A)
TR G DN e CE i N RER <t W = o Sk (M SR N TR RV N S R e S (TS A= W P SEh]
P BEARBI AL /I H AR 09 T 4 IR A . FLUR 3G FRSZ BF L 7E T M 48k A —Fh 85 & 1 Ry &8 5 B B
25} i Pk 25 8] 4 7 383t 4k ( Spatial pyramid pooling fast cross stage partial construction, SPPFCSPC ) 5
P, A /N H AR A RE T, BRI e AR 3 . s T B 38 5 IR A (Mosaic-mixup , MM) £ 4f 1 54
D ¥ INECHE B P AT 2 4 SR VIR RE A AT BE PIL R 5 B2 4 50, DF H 18— 5K i Ik IR A8 T) g e B ] — it
RN 18 P 5 A [) D11 25 PTG 4% LG TR & el 1 n PRI 5% 52 2% B 1 Oy =Xk 1 sl A A 19~ 2T g g L 2T
BERY 137 Ak i B



910 R E B L Journal of Data Acquisition and Processing Vol. 39, No. 4, 2024

1 HEKXIE

1.1 YOLOv5 WM& 454
AR CLLYOLOVS 6.0 A N FUEAN 27 YOLOVS, ‘& Y [ 2% 45 4 3= Z2 0T 49 Ry 4 5843« i A 3 (Input) |
T M 4% (Backbone ) \##F (Neck ) ARG 3k (Head ) , 15 54 ) 2% 25 44 4o & 1 T 7

WA 80x80x256
____________ .
| ETRI% L }
I Conv : I |
| k=6,5=2,p=2,c=64 | | | : — Rk
| l |
|
: Conv I | 3 I
| k=3,5=2,p=1, =128 : : [=34e=251D I
| |
|
: c3 I | I Conv I
| =3 =128 | I Concat  j=3 =3 p=1, =256 |
| ;
} " } i f i 40x40x256
| Y7,
| B2 po1,e256 | | LT’# J" C°1’°at !
| | |
I | I
63 P3| Conv C3 L il
| n=6,c=256 —h' Jels=1,p=0, =256 m=3,c=512 | hrisk
| |
|
: Conv I : C3 Conv I
| k3,522, p=1,c=512 L n=3,c=512  Kk3=,s5=2,p=1,c=512 !
I I I
|
l C3 P4 ! |
. 2 S R o Concat
| Lmvessiz T OITmt mica | 20x20x512
| | |
I | I
Conv || TS 3 o
i =322, p=1,c=1024 | | J:Tﬁ n=3,c=1024 | k3
|
- 1r -t ___
: c3 ! : Cony I: 1
| =3 k=1,s=1, p=0, c=512 |
T 3"'11 — N R — I Com — |Conv2d| BN | SLU |
I SPPF P | :'L I
I ______________________________
| ] N .
e || MaxPool2d _ MaxPool2d _ MaxPool2d (. |
O e e e TS, P2 k=5,5=1, =2 k=5,5=1, p=2 -
|
I @3 = — Conv — Bottleneckxn* il | |
i —l H Concat l
| ! L
Conv — > Concat Conv —
: n*=nxdepth_multiple R H Conv |
O | il 4

E 1 YOLOvS M %45 &
Fig.1 YOLOV5 network structure

FE M T A (Conv) BEHL | 5 &8 85 B Bt 45 #4 (Cross stage partial, CSP) FIPL i 23 [i] 4 5 5 b

b (Spatial pyramid pooling-fast, SPPF ) & R H 21 b . 45 PR B i 45 U2 (Convad) AR EL)ZE (BN) &

WO KA (SILUD) AL 8. 321 09 2% 5 B3 i) 4 BRURE ok £ MU AL MR A R AL, JHG rp 45 R 3 ol 7 i A
EIG L AW A7 1 245 20 W A RRAE ] . R IR )2 5 BE A A S B A =

y'= EJC;;]K,;+H (1)

ijEU

KU ={1,2, -, kysy PR b B 0RO T2 G5 0 M j 2R A 4 BURE B i Je 2 BB v xot



Bl Bt . E 5 A ARIE IR 69 R ANALIG D B AR M 911

N7 PR S A 5 o DAy D 2 B X 7 ) D T XI5 KO A B 5 6 g i o R T 4 Y s BB AR X T 2
5 RAE 40— U PV H R AE 1] 170 3 1 5 m—£% .

Fi K FRFAE 45 735 (Feature pyramid networks, FPN) F1 # 4% 8 4 W 4 ( Path aggregation network,
PAN) ARGE & M G5 0 6 3 T 0 4% 28 22 0 SR AR S i B0 R AE L 20 5105 FPN [ 180 9 A P 47
fill A o IXMORE R 2 T SCRRE 5 R 2 1 A0 B AR B R G I RAE A R T 2 ROE BRI . (H XS/ B BR
M, 20T AT R I & WA SCRAE R B8, T80 B AR iR I RCR A HAR . 02 RO/
TRBEM B bR, & 8 T RIS A B E S FERFAEE Pl 28 o Sl AR SO HY &5 43 B 3 R IR 18 o
W28 H-YOLOVS, @ 2 3/ 32T P45 1 T SRR A HIOR 32 55/ B AR IR )2 19 RRAE 5 8L, [ I 78 ST 51 A XL
M A (B VR R WD bR AR S R AR L AR, DT 2D /N H bR 8 JE8 R SRR 1 2 K BRI X/ H
P B T 4 8
1.2 ZEEFEMBL

75 (8] 4 & # 3t fk (Spatial pyramid pooling,

SPP) T LK A 22 /N B 5 AIF 16 Bk 66 #8127 Ml

E/‘J ff% ?Em% ,U\ﬁﬁ1ﬁ#$ﬂ TEF éélﬂl%ﬁﬂjﬁiﬁl L[ﬂ Wﬂ N Conv Maxpool Concat—] Conv |
A N N P k=1, s=1 9x9 k=1, s=1

SN A TS 3 FLAT L B IR 2 B & L

F bR 045 AT £ 8 Rl 2 7 5% L SPP Bibh 2 3 e

085 A IEAT I 4552, 40 3R 34 ) A % A /0 R

) e AL J2 DA R — A BRI 3 2 . SPP A B Fig2 SPP module

T AR RRAE S it — A TXT A S BB B
F1% 308 T R 5 PR 3 M A AZ R/ 5 D 5.9 V13 B B b AR 4R AT i HE AR A S TR DR A R AR
— B HEAT RS R am 1< T A6 BB B ) G0 1 5 A G A RO TR DA A5 R B R AR . SPP AR
A 3 A AN T) RS 9 d5e I AL, 78 LT~ AN 52 Wi A58 0 A6 00 58 188 1) i) i 1 98 U2 BT, 4 ik 22 RUBE R AIE 1Y
RS

SPPF # 52 YOLOVS ££ SPP #5 He BE At b 2 2 4 23 18] 6 5= 35 e Ak, L E5 H I ] 3 fir 7, SPPF A Bk
il 34> 555 B e Rt A R AR SPP L H v 3t AR A% /35 5.9 13 B e R it ik . AEL T SPP
BBk, SPPF AL B 7 O Uk AS: U RS B2 ) [8] I 2> 7 ALY 14y 25 i R B30 bR 1 A 8 ) 9 BT R

Conv Maxpool = Maxpool Maxpool ittt Conv
k=1, s=1 5x5 5x5 5x5 k=1, s=1

| T

/3 SPPF fibk
Fig.3 SPPF module

2 NERENEE

A SCLLYOLOVS g B il $2 37 B x5 Jo AALATHA /N B bs 094G 0 5 0k, ™ 258 45 0 an ] 4 o, Herp
PREL IR 7R 1A SO i WG 2 AL o E e S A BRI G 58 M 4% H-YOLOVS, 3 /b 3= 1 W 4%
T SR A B [ S A P U M A 7 ok S IR AE L B SRR /N B AR A 2 G A R
KA R TR /N HAR 9 8 A7 5 300 R TE T KBS in SPPFCSPC B8, I H o 3% 4k £ 1 [ 2%
W E#i) C3(CSP Bottleneck with 3 convolutions ) %5 ¥ , 78 3 K32 B 49 [B] B . & A E A 40 15 B,



912 R E B L Journal of Data Acquisition and Processing Vol. 39, No. 4, 2024

[ 160x160%256
| |
I : I B :
| A2, p2, 64 || | | I
|
I Conv | I C3 I
| k=3,5=2,p=1,c=128 | ! n=lc4=256 ]
| I I
| C3 P2 | | Concat Conv |
' #=3,0=128 i k=3,5=2, p=1, c=256 |
I , B |
I Conv I : | R I I
| k3,572, p=1,c=256 | N Wﬁ%ﬁiﬁﬁ) | Concat i 80x80x256
| | Lt '
| (64) P3| | Conv éé |
I 76,6256 1| 1= S— sz T T Hrl k2
: Conv : I €3 I
I k=3,5=2,p=1,c=512 || , n=3,c=512 Conv '
: i o 1} k=3,5=2, p=1, ¢=512 I
I 3 I+> Concat :
I ____":9_’?513___1 I : I___‘f____‘ Concat I
i |
| Conv AR I & | 40%40x512
| e3,s=1,p=1,c=1024 | | | | CU&MERHE B3
v Lo | n=3,c=1024
i IR .
| | Conv
| SPPF |
:{ , |1 L=l p=0, =512 |
! P
| |
|| seercspc PSL || |
| | e I |
l I |
[ R S AN S R S S S S N P S R S S R d

4 AR BRI R 0 T ANLALIA /I EL R R 2

Fig.4 Structure of small target detection in UAV aerial image based on high resolution feature enhancement
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