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Small Target Detection Algorithm for High-order Depth Separable UAV Images

GUO Wei, WANG Zhu-Ying, JIN Hai-Bo
(School of Software, Liaoning Technical University, Huludao 125105, China)

Abstract: At present, there are many small targets in UAV images and the background is complex, which makes it easy to
cause a high error detection rate in target detection. To solve these problems, this study proposes a small target detection
algorithm for high-order depth separable UAV images. Firstly, by combining the CSPNet structure and ConvMixer
network, the study utilizes the deeply separable convolution kernel to obtain the gradient binding information and
introduces a recursively gated convolution C3 module to improve the higher-order spatial interaction ability of the model
and enhance the sensitivity of the network to small targets. Secondly, the detection head adopts two heads to decouple and
respectively outputs the feature map classification and position information, accelerating the model convergence speed.
Finally, the border loss function EloU is leveraged to improve the accuracy of the detection frame. The experimental
results on the VisDrone2019 data set show that the detection accuracy of the model reaches 35.1%, and the missing and
false detection rates of the model are significantly reduced, which can be effectively applied to the small target detection
task of UAV images. The model generalization ability is tested on the DOTA 1.0 dataset and the HRSID dataset, and the
experimental results show that the model has good robustness.
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B mAPso HIRTF T 5.4%, mAPs {632TH T 4.1%, 15
BURS FEAS ISR ER T .
232 BIANTEER C3HB fH Lo

ARSCRG R T C3HB &k, 5B A

L 4R 48 H) Swin Transformer A1 ConvNeXtV2 # EL,
SIS EHE G 2 BT AL iR H B 7 [A] v AR A 4 L
REJ), A RUFBIrTd @ it, Rets 58 ar 3R/ H AR 1 40
B, W TR SR, heE T AR, (H
mAPsy Fl mAP7s ¥ W 42+, T Swin Transformer
MITE ConvNeXt il ET+2¢ ) ConvNeXtV2, iEH] | 1%
RO B A A M e PR 51

%1 CSP-ConvMixer 3 1%} b 9256

gz Params (x10*) FLOPs (x10%) mAPs (%) mAP;5(%)
CSP 7.03 15.8 27.5 135
CSP-ConvMixer 32.38 111.9 32.9 17.6

K2 BIATEE C3HB BRI H s

fih Params (x10*) FLOPs (x10°) mAPs; (%) mAP;s (%)
C3 7.03 15.8 27.5 13.5
Swin Transformer 9.73 105.3 26.2 13.0
ConvNeXtV2 7.07 159 28.7 14.9
C3HB 44.13 98.2 29.7 15.8

2.3.3 RS ENS Ea

ASCHEH LT anchor Hanill i 75 v B 48 0 2k 6
4 OD-Head fift #8530, PR FEIERTH T 0.8 1M E
g5 i, B AT N 5 WSO B, FEHR TR AR A e RS B
N T FWA AT ) OD-Head fif #8485 n B A
R S S P, % OD-Head 5 YOLOVS ) coupled
head 1 YOLOX"™"{] decoupled head #£47 % Lt 5286, S
AR IR 3 Frdl. SREE SLIEAH LA, MRl Sk 2
B AN s SECH P, [ s AR RS A
7. & OD-Head # YOLOX ] decoupled
head, %= MIF SIS HEIA WE I KIEE TR, 7
YIRS FEEENSETE 7 0.3 N E 5 sl AR ST bt
IO G T A SCHE 1) OD-Head fif#8 Sk #8m] BATE
PR A5 AL A DA B2 1) (] i gk 2D 2 B0, e ) 2% i
SIHFE.

3 AL R b S

gz Params (x10*) FLOPs (x10°) mAPs, (%) mAP5s (%)

Coupled head 7.03 15.8 27.5 13.5
Decoupled head 14.35 56.5 28.0 14.9
OD-Head 8.79 21.6 283 15.1

2.3.4 EloU 01 5k BRECof Lot

ARSCAE 4 FPAS [R5 2R R U1 L T JEAT X BL S,
DLEE 3E— 25 B E 451 2k B 8 EToU % 6 AMLEME /N B Ax
6 A 25k, VisDrone2019 Hdf 8578 A [l 451 2% b5
SN R IUAS B2, S8 HHE in#k 4 Fidl. 51N EloU
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i H AR G N A

R EES, B mAPs, EIRF T 1.0%. EIoU 5] A
H FR AR R F0I0AE 14K B AE S, @ T K B T
F A8 28 A 165 511 2 2850 ) ) R, A TR 2 A R (i i B
P v RS FE, PdUE A S5 R, HIE & TR R T
TEAH HFRA AT 55

H 4 BURRBIXT EE S (%)

EZP N mAPs mAPs
GloU 27.4 14.3
CloU 27.5 13.5
SloU 27.9 14.8
WIloU 27.0 14.1
EloU 28.5 15.1

2.4 HRASEIG ST

N T LA B A T v o R 4 RE TR R T, 36 IR
ASCHEH 4 AMEEHO SRRSO A 80, BIFE YOLOVSs
Fg i N CSP-ConvMixer B, /%% 5] Nif I
168 C3HB BLH, A8 S5 (coupled head) & #

RS 8 OD-Head LA A% EToU 451 2% bR 4. ¥4 it
SEG K HEAT 08 X 52 S (A ) SEIR PR, PP Ak 2% AR
X PERE R, SR 45 SRk 5 sl 51\ CSP-
ConvMixer FEHR, FIHG FERMEIRTT T 3.2 20 A,
Bk Tz B A R 5 B YOLOVS Sk 1M
2RI C3 GERIFITRZE M 28 5 4 93 VA1 1% 5 C3HB
B, 4 BESE IR TT 1 2.2 D 7P R, A ROt 3k
TP RS B H A ), BB T RS S, o
TR RFALAS B SR HRE S A RLRE J); 2T anchor
RO J7 9, B I Sk B9 OD-Head #4876,

FE, FFHR SRR IS B2 51\ EloU 45 2% ek 4, 1574 1)
SEYRE EESME BT T 1.0 N E 4 A, EloU 4512k R $U7E
CloU #51 5% bR AU A SE At 1=, 3 590 1 B0 F00 00 2 AR L SIC ATE 5
R 1 2 A, AP T R LU IR SR s SO, b T T E
SR B, A5 2808 T 1 /s B ARAS RS FE

RS MBS AR

YOLOv5s ~ CSP-ConvMixer ~ C3HB OD-Head  EIoU  Params (x10% FLOPs (x10°) mAPsy (%) mAPqs (%)
N — — — — 7.03 15.8 275 13.5
N N — — — 32.36 1112 32.9 17.6
N — \/ — — 44.13 98.2 29.7 15.8
N — — v — 8.79 21.6 283 15.1
N — — — S 7.03 15.8 28.5 15.1
N N S — — 28.83 97.0 33.4 17.8
N N S R — 31.49 122.7 34.2 18.6
N N S R v 31.49 122.7 35.1 19.3

MY INE W E R ) CHD-YOLOVS Skl
ORI, e HGH 2 BB AT X L. B B 21 T8 AL
B 5 2 AR /N B bR 25 S 25 00, IR
BTN 4 FARI 5 B R AHE SR YOLOVS A4
At J5 ) CHD-YOLOVS A5 8 33547 K6 0 250 8 %t B
7 v H A g s iR v, B 8 K& Hiw
HIER 5, B9 /N BB E RN 5, B 10
AL IS R 375t (a) 4 AN VisDrone2019 %1
AR IE I Fr, (b) A Ay YOLOvS Sydder I 25 R
B, () AL B ekt 5 i) CHD-YOLOVS Sy Al 2k
R, BRSO E I B ROR R TE R —3% 5% F, YOLOVS
HIESY ) B N2 X 0 B ARME B, TEAERENE
PREERINLE, LG RGOS O T, R R R i
PG, 1 et J5 i) CHD-YOLOvS A A%t/ H bk 1
KRk 1 LA Ak s, BAEYEEA R A 5 T/
H bRk SR A B o, SR R A RS FE . DRI,

oA Ja B SR AR I R S, eI 2 1 B A 2
1, B RIFHIEHEE, £ AN B RS A
A

N

(c) CHD-YOLOV5

(b) YOLOVSs
K7 ] R ks I OR X E

(a) JHLE

(b) YOLOVSs
AP SRl AR X E

(c) CHD-YOLOV5
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(a) JH

(b) YOLOVSs (¢) CHD-YOLOV5

Ko R SRR

(c) CH-YOLOvS
10 7[RI seAsr i B R x b

2.5 IRBIXTELSLIG A4

N T BRI AR SC e JE SR e AHLEUE /N H bRk
A Rk, A SCHE VisDrone2019 34 4 F % A
YOLOvS5s-6.2 E LA, 5 YOLOvSs. YOLOv7-
tiny. YOLOv8s. YOLOX & #7*) YOLOv8s #E47 %}
o iRER, 5 B SL IR R 0k 6 B Al

T VisDrone2019 % ¥ 4 o AWLEME 70 78 R 48
K, NAVEEAZ, fEERERAY), BIRFIEKR S

(a) R

(b) YOLOVSSs

S5 44, T R RS A 1 L, SR B ke A, R
B mAPsy 15N 27.5%, mAP7s 6N 13.5%, S G 1)
CHD-YOLOVS #8 mAPs, H N 35.1%, mAP,s fH -
19.3%, 5L H L YOLOVSs il mAPs, 42T+ T
7.6%, mAP,s [HIRTF T 5.8%; 5 H AW R L, %5
YOLOV7-tiny 1] mAPsy {HIETE T 4.9%, mAP;s HIE T+
T 4.1%; B YOLOX ] mAPsy {12 T+ T 7.4%, mAPs
HIRTT T 5.2%; ¥ YOLOVSs () mAPs, fHIRTT T 2.4%,
mAP75 3T T 0.1%; % Light-RCNN ) mAPs, {H1%
THT 12.5%, mAP;s {H42TF T 7.0%; %X Faster-RCNN
B mAPso (IR TH T 9.2%, mAP,s IR T T 5.6%; &
BA-YOLOVS5s ] mAPso {4527+ 7 1.7%. AHH T34
% YOLOVSs, CHD-YOLOVS #5775 AN il Ik FiF 4
re IS b, N PR A WS %, (R ZE ARSNGB AR 1)
/NE AR 2 2R b, K E A T, bk
HRE FEAESRTH BRI =IA 50.31%. H mAPsy {51 mAP;s
EIA BT AT HARBIA, BARAR IR
CHD-YOLOVS £5 2 (A5 B K /N F S H it 58 B3,
HR AR PE e A B S 5, T8 A ML/ H bR BHE A
MR L. 256 & TR bR M 52, Sk f5 B 25 & 1 B
ST, A B IR

% 6  ANFEFEIEAE VisDrone2019 MIREE E % EL 0T (%)

Rk Pedestrain ~ People  Bicycle Car  Van  Truck Tricycle  Awning-tricycle  Bus  Motor mAPsy  mAPs

YOLOvVS5s 44.1 40.3 7.83 723 133 284 15.3 4.57 599 432 27.5 13.5
YOLOV7-tiny 354 33.0 4.49 745 334 215 16.0 7.56 40.2 39.9 30.6 15.2
YOLOXs 153 11.7 12.3 50.5 414 305 21.8 16.7 397 226 27.7 14.1
YOLOVSs 28.2 15.1 11.1 727 38.1 41.0 7.8 17.8 58.6 30.3 33.1 19.2
Light-RCNN 19.3 20.6 7.2 52.8 287 18.3 12.6 8.6 38.5 19.5 22.6 12.3
Faster-RCNN 20.9 18.2 8.2 563 265 234 13.2 9.1 40.3 21.6 259 13.7
BA-YOLOVS5s 325 18.8 11.9 748 356  39.0 17.6 18.2 57.6 285 33.4 —
CHD-YOLOVS 36.6 23.6 12.4 76.8 40.0 268 18.5 18.4 56.3 31.8 35.1 19.3

VE: D B sl

2.6 JZILEESIMNR

N TAEW] CHD-YOLOvS # A iz 1bBE 77, 5 4hik
HU DOTA 1.0 ¥4 42 Al HRSID ¥ #3047 5256, CHD-
YOLOVS 5HiA7E DOTA 1.0 #5581 HRSID 4z 411
R gt REMWE 7 Fral.

2017 4 11 A 28 H, Bl K#AE arXiv ERAT T
DOTA ##i 4, 2018 4 6 JJ XAE IEEE i+ &AL 5 F1
BRI 21 (CVPR) F R4 T DOTA $#fi4E. DOTA
1.0 =2 FH T BUE B Fs kil il KRS R 48, L6
B R 2806 ik, B F KT Google Earth AS A& J& 8%
AP SRR R . 5 ARk, B R B1% &

8

JRSFAE 800x800 F] 40004000 [#17EE 9. DOTA K%
(1 B AR 15 AN W00, Bl a5 s a
FricH 188, 282 s2f5l. HRSID 54T 2020 4£ 1 H
FH TR K22 R AR 1), HRSID £ 854 2 FH T A5 A0 AS:
W15 Sy BRS04y BT 55 1 = o) HE % SAR BB
B4, A SAR B 5604 5K, 58 R TE ship
S 16951 A, HRSID il 82 46 A [R5 #2311 SAR
EUER . tfb. oL, EAREEHS . DOTA 1.0 #iE
LR HGEEER, REBLEEKR, NS EZ H
Iy AT 5, HRSID #4820 W AT R, B br
—. SZESHHRE R Y], CHD-YOLOVS5 H%:7E DOTA 1.0 3¢
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i H AR G N A

PEEE A HRSID %ds 45 b R I 2 SR #4546 $2 7+, CHD-
YOLOvS #8 BA R Iz 1 fg
# 7 CHD-YOLOV5 7F 2 M E FHISEi 45 5 (%)

YOLOVSs CHD-YOLOV5
Dataset Class AP miPy P APy

Plane 66.3 68.8
Ship 84.9 86.9
Storage tank 91.0 92.3
Baseball diamond  69.5 80.2
Tennis court 87.4 89.6
Basketball court ~ 84.7 84.5
Ground track field 62.0 60.9

DOTA 1.0 Harbor 464 694 49.6 71.6
Bridge 93.2 93.7
Large vehicle 63.2 62.7
Small vehicle 76.1 75.3
Helicopter 56.0 58.7
Roundabout 62.2 69.8
Soccer ball field  46..2 473
Swimming pool ~ 52.5 53.5

HRSID Ship 90.9  90.9 93.7 93.7

3 iS5 RE

HTFEAEGERER. MEREZ, HTE
ANLEMG /N B bR 25 B AS A I %, AR SCHE
T —FhE R BT 4y B TG ANLEG S B A 2 DA
Bt R AR I R R A E T4y, B
ConvMixer 5 CSPNet 2514, 34 KA B2 07, KOK$2
FE TRV M PERE; 454 C3 M 53 9 1AM
i C3HB b, (AR i 23 (B 52 L RE i3 7, 30
TR RRE (S B AR IR RIRRE Sy, IR m A BN
HLENE /N H bR B @A 6 77, th4b, B YOLOvS &k
iR A ) T 58 43 5 4 S i T8 4D A A Sk, bR ) 4 U
SIS, B ) 4% T CSORIOR, s B S, 1 FERE S 2K o
KA EloU, 43 % Tl A0 B S AE 22 a) 8 FH =g (1) T 5
FHEAT IR, B v W SIGH B AN IS FUHE S AL B, RS
SENTRINE. 78 VisDrone2019 ¥4 45 b 1 Szih 45 A
R, AT R R AR T T RIS B, KK
BEAR T ML /N B bR IS R RIS 2, R 1
RESR T B i, (HAE R S 30 BT N, 75 54k 7 T
154 35 25 18], 76 LLE 1 TAE ™, 75 4k 22t 58 3R 2R an e
SEEL— N S M R AR A, R R e S
SRR A, T A 3k T AR A S s B H A
SEHMA.
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