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RESEARCH ON SMALL TARGET DETECTION
ALGORITHM FOR AERIAL IMAGES

ABSTRACT

With the rapid development of artificial intelligence technology, deep
learning has made significant progress in the field of computer vision,
and small target detection in aerial images, as its important branch, is
widely used in military and civilian fields. However, aerial image small
target detection faces some difficulties.

(1) Multi-scale targets and dense target distribution. Aerial images
have fewer target pixels due to long-distance shooting, and aerial
photography at different heights results in variable target scales, resulting
in the coexistence of multi-scale targets. At the same time, the number of
targets is large and closely arranged, which affects the extraction of
feature information.

(2) Arbitrary target direction and complex background. Targets in
aerial images have various angles, and horizontal frame detection is
easily interfered with by the tilted target background and may contain too
much information about neighboring targets. In addition, the aerial scene
and the background are easily confused, which increases the detection

difficulty.
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In this paper, two methods are proposed respectively for the above
problems. Firstly, for the aerial image, there are situations such as the
object under test occupies a relatively small proportion in the whole
image, the coexistence of multi-scale targets, and the dense distribution.
Resulting in the problem that the target detection network acquires less
effective information, this paper proposes a feature enhancement-based
target detection method for aerial images. The method introduces the
SPD-Conv module in the backbone feature extraction network to solve
the problem of large loss of image information during downsampling.
Based on this, an attention mechanism is added to enhance the acquisition
of dense target regions of interest and improve the backbone feature
extraction capability. Improve the multi-scale target detection module.
While maintaining the model's ability to detect large targets, improve the
network's performance in detecting small targets in aerial images. Further,
strengthens the feature expression ability.

Secondly, the problem is that targets in aerial images are arranged in
arbitrary directions in the top view and there is a lot of background
information interference in the horizontal target frame. In this paper, we
propose a fusion attention method for rotating target detection in aerial
images. Firstly, an enhanced attention mechanism is designed, which can
reprocess the feature information of the main feature structure and

enhance the feature extraction ability of small targets in aerial images

v
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under complex backgrounds. Then a bilinear attention parallel fusion
mechanism is proposed, which integrates different levels of feature maps,
combines multi-scale contextual information, accumulates multiple
features, and enhances the fusion of feature information. Finally, to solve
the problem of object detection at arbitrary angles, the loss function of
classification is improved using KLLD to enhance the detection accuracy
of objects at arbitrary angles.

Finally, to evaluate the advantages of the proposed method in this
paper. In this paper, several sets of experiments are conducted to verify
the detection effect of the network model. At the same time, the client
software for small target detection of aerial images is designed through
PyQt5, and the functional modules and underlying code are designed
under the premise of meeting the software requirements. And it is
integrated with the improved method to verify the effect in practical
applications.

Zhang Jian (Electronic Information)

Supervised by Professor Jiang Ming

KEY WORDS: aerial image, small target, feature enhancement, rotating

target detection, attention mechanism
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\ 4

\ 4

BER

B 2-1 BRE NG HEZE K]

1 3 3 S5 |s 1 3 2 29 | 4 | 47

2 3 2 5 1

PN LI LREAE S
K 2-2 BRI REE
g H 5 SR R RN B =X (2- 1) :
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(Input - Kernel +2 x Padding) 1
Stride

Horf Input RoRFINBEB KN, Kernel £rnBHUZK/N, Padding F£onJFHE

BEHEAT A SHATS, Ml R AR AR R S 3 TE — S, DA IR R, il
H#HH “0” RHATHAN), Stride Zon A K, IR IBIER AL E800E 30
FEES.

(2) WE R

TEBRRZE W25 b, G FARIMAL S2 HEAT M AR e i) I GRS
TRIFRYER R N T ISR AL B AR LR I REAE D RE 0, O s TN 3T+
LRMERHER AL R JT, A3 BT 5 o R S EE O S A RAAE 55 B0 R 2 45
Sigmoid. ReLU. Leaky-ReLU %,

(3) k2

A2 SRR R SRR, oA F BIRAE B b, al BRARRRAE B 4RSS, bS8 .
WA A I RO, BN S W4 P BB K. W 2-3 fis ARk
MA R R, EE X B AR SR AR PR A I T X 3
LEJIRSHIIER

Output = (2-1)

4 5
2 1 3X3 4 5
ARKATER
4 E} 5 5 5
5 5 3 5 5
2 3 2 5 1

Kl 2-3 KR =
(4) iEEE
AR E R BN 48 IR SRR 43, 3085 E I 28 AR i, e Ak B ) ERFAE
B, AT B BRI SR RS B E A o TEIX — IR h, KRR g P — 4R
B, JFMERARER, SuREZ0IERA TR . SERZNIA,
SN ZHCE, IR M IRTE, XA il o F A A2 R AU 40
E

10
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22 ETREF BN E

£ B bR b, BRI A ST B ARSI 7R 70— B BoRn —fr Bepif . £E
B BUSIN T, g E S A RIEAE, SRR HEAT MBI, AHEEZ R, BN
HABRMIIZ, BT, LR BURaER,

221 ZME BRSNS L

R B v SR U X A, PG B X AT R SR B, e SEELE
FRASIAE R B o B B H ARSI 722 20 B B se i), $R R i i &=, Y
B g 5 R tn e 2-4 BT o

j@y

Backbone Proposal

Kl 2-4 B 2% S 1
Faster R-CNNB3Jg - B Be @ i) 7732, FL32 i X380 30 X 4% (Region
Proposal Network, RPN) B[] X 18 (Region Of Interest, ROI)Polling /=, 7E
I AEAE BT 1 SR A4S (RG4S . Faster R-CNN £x2gid it RPN X H Aridt
fTRL4Y 2%, FEFIA ROI Polling SEHURE AR A, HEAMWE 2-5 fin. ZJFW2
BB EH BRI S HT L, Faster R-CNN SAJEft, M EGF BARIIRE S &, it

|

|

|

|

|

|

|

|

|

|

|

|

|

|

| —_
| FC
|

|

|

I Backbone

I ROI Pooling

Feature Map

] 2-5 Faster R-CNN [ 5 25 141331
Mask R-CNNB4ZE Faster R-CNN &7l |, F ResNet351% #: 7 Hi 5t J1 AT 44

11
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(Visual Geometry Group, VGG), F#EH T ROI Align, #2717 - #IHER % .
Mask R-CNN K H T HEE 45 715 W 2% B6)(Feature Pyramid Networks, FPN)ff45#4
SKIEATHRAE R E . ESGINE TR BRI SCR, AlE TR ZRAE B 25 15 &
A ERHE 115 XS S, B RRFIE R IA R /. I HAT XS Faster R-CNN 7£ %
U EARSEAFAE BN, 5 S0K I 200 R i 22 1) v R, ) P 1 %A 2 0K R REAE TR
AT 2 REE ) B Ax, FPN S5M i 2-6 iR,

K] 2-6 FPN 45 {4361
Cascade R-CNNBIZEM U] 2-7 iz, FE58 BB, IXZSAG I 28 1) 4 N A2
A g . AHEC T Faster RCNN, Cascade RCNN A 3] 7 5 47 (k& il
g,

K] 2-7 Cascade R-CNN 2 I £ 14 137)

222 —MEE BN E L

T B BA RS R v, (HE SRR, A DAY AR I R R . D e

12
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MR, —W B ESINIERGE A . AHECT B, e R TR, HA R
PIRCE, I — 0 B H AR 515 YOLOP2, SSD(Single Shot MultiBox
Detector)38], RetinalNet[39%%,

YOLO fER—WBr B H ARkl 5k, Zikgin sl 2-8 B, {388 G AR KR
GRFAE, P A4 2 K0 B AREAT A E A . YOLO Bk &4t N B8 5) ik
S*S WM, S5 R EA MR & A ST I A, AN XIECE B AN TRIAE
(Bounding box) & %% H [ B A5 B . 765 AN TUIHE B, ZLH ¢ A0 MR

Pr(Class,| Object) - Bounding box t4&x, y, w, h#l confidence ##i, (x,y)
Fa O AR, (w,h) NBEATE, confidence Ay HFRRIHIHERGE, confidence 115

m=(Q2-2) -

confidence = Pr(Object)-IOU (2-2)

Hrr, #F bounding box W& WA, W Pr(Object)=1, 5N Pr(Object)=0 .

10U T3 bounding box 5414 Ground Truth {22 Lb .

112

5 XDX )

7
1024 1024 4096 30

Conv. Layers Conv. Layers y aver ) p_—
Talast? e Solood Conv. Layer Conv. Layer
3x3x1024- 3x3x1024

3x3x1024
3x3x1024-5-2

P 2-8 YOLO [ 4% 45 32
Liu %84 H T SSD, H5 YOLO MLk, FZEAJIAAcs: FIHZ RE
(RFAE ELEEAT TN AN T AL SR B0 HE ,  SSD JEANHE AL W1 ] 2-9 7.
SSD Al v (IR A e HE, A —4ME, X2 =B AN S 4 R
S5 —H 5 NI B A58 A K Confidence 1547, H'E &Y SHM—F, Bk

éj\
K AR FEH ¢ N1, ) SSD i & 45 X N ¢ +1 ) Confidence 1577,
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Horb B A5 0t A2 B T SR . 5 R A A ) G AR AR DL R BE R

(cx,cy,wyh) o d=(d*,d”,d”,d") REFEHEHE, b=(b",b",b",b")REFIH

HiEAE, B2 M d P25 2-3), 2-4)FR:

B bcx _dcx bcy _dcy

cx cy _
l dw 2 l - dh
b" b"
w h
I" = 10%(;),1 = 10g(y
Vo e T
! box Multiclasst box Multiclasst!
! regression scores regression scores
|
1 N
| /
|
: ConvNet stride 2
i Input convolution

& 2-9 SSD F:AHEZRB8)

(2-3)

(2-4)

SSD #1 YOLO #H# T B BUT A AR N RCR B it i =2 1a], - s/ A
e XSGR AL (20 %o Lin S5 Y 1 RetinaNet H ARl R, g o il 2k
TREAR Rl (IR FEAS R, (843 SO N SR J7 18 (1 1) L, 257 5] N Focal loss
A4 2% BRI 2o W FR T A A2 SO R BS0E - DAIMERAT B0 I AR AR BLR M 5 BE AR 1)

AT o IXAE SR AR IS IR T RANE S KB, RN (2-5) s :

—log(p) if y=1

CE(p,y)=
(P-) {—log(l— p)  otherwise

yel{tl} FZREHEE, y=11135H pe[0,1]Fmr. p W (2-6)fn:

_{ p  ify=1
pz_l

—p otherwise
A8 XA R MR s Nzl 2-T) BT -

CE(pay) =CE(pt) :_log(pt)

(2-5)

(2-6)

(2-7)

XA B AT, RMERES DRI BR, M EBREIHL. Z15

14
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KEMG, HEER B AR . I, B I 2R 5 fi ] T 507k
BI IR, T BARAES FIREAR
XA AR IR A ) R, I BB AR R o, BRI (2-8) . A FH XA
71T AR DR IE SURE AR AT 1 1) R, BAEME S RS AEAEA 2
CE(p,) =—a,log(p,) (2-8)
KB N (- p,) » HH y A Focusing Parameter, H y>0, HAnx(2-9)
PN
FL(p,) =-a,(1-p,) log(p,) (2-9)
Moy (HIZHE KIS, 5 RN loss BH B E, 1A REEAM loss
L DU AR O 50 i o T o 228 5 i DR AE SR AN (R 1 0L, MBI RE S 0 BE X AL Toss

FEAERCR RN, AR TR R I SR IS B I Sy X MEBI R A AL, RetinaNet 4514
W 2-10 Frx.

/
E Class+box
subnets i

1
1
n
l’ ;
1 ‘ ; ; 1
: o '
' Classtbox ' P
! subnets - L
i X H
i i

subnets

_______________________________________________________________________________________

2-10 RetinaNet [ 4% 4 #4139

2.2.3 RAEE

2o BRI TR, IR A ST 00 H AR A £ B BB Bl
F, HAAIR . N ST, W RFEN ) H RN A7 2SN S A5 17
Bz, XEILEEETT AT T ER, B BURIR RS S A i X SE R PR ROR
FESEBRR I AT ARSI E SR . A BUH Akl 5E . YOLO R4 ik AE
A TeE P RRG 2 R A5 ARG BT, SF 2 A T eaa R B AR A I
YOLO #A BAT RIEISHICE, xFTHida B AN B ARk, HirAe 5 it
UL K. DA S YOLO R SLVEE v iR ST RO R IR, B X i

15
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1 GRS R AT A A it

2.3 HEMEREEESIHF

£ B ARG 5 AL BAE 55 R B TN U 1 S e B 1400, A2 ML) (5643 X 2% S 0 S
THEEMNRLEE . OISR, £ H bl 15 o H1 50U A A
PR Y e YRR IR FEDIRR AN 2-11 Fros, &P ¥ ARNEE ), BIEEE T,
REERAIULBIERTT.

SENet ViT
2017 2020
FRERS WIEERS 2 R RN E TR AR HERS
RAM CBAM
2014 2017

B 2-11 FER WK R iR

7 A1 T 0 A] A SRR A I o B B 2 A X, R — A & IR
TS o o] 4 6ok s TR R AR 3R, SIS AN [ 2 ) DX IR AR A (I 2%
B L T I RIESS B

2014 FEIFVE B AR (Recurrent Attention Model, RAM)MUREARI g HL Y, i% 7
AL 2 (R R ST IR, % 28 R IR A 22 X 2% 2 o FLOTE R AN ]
X, BEXIE R, MR T A [F XA B A E . sl X T, W
2K RENE 2 BRI FRRRAE, BRI FEAL I 25 (HRRAE S B, R gh M i & 2-12
Fin . RAM i o Bl N 2507 20, S0 T B AR A B S .

Feature
map

Feature

0 | 56 | fio) |

® O @ ®

& 2-12 RAM £ #4141

fa(6a)

16
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I Y R I HLAE R R A RS B BRI, A BT B R 2
fiE o B PSR REAE Hh AN [ SR P A AT 2 o), IR M, AR R
/N T REAE AR DS A IR o IXFRHIL ] B 5 A0 A B TE AR ) S I, TR A A
SRR AN [F AR AE (R AL B, S I EE SRR R oA, 5 B I 2% B 4 i Al e AN [ 3 3
(FIRFAE,  $ETHIE AL TR A3 5 e dia i) (R B BE 77

B A4 (Squeeze-and-Excitation, SE)#21 8L (3838 1 & T HLHIE,
FLAT DASE AR A ] v o B3 T R AR A RCER, 8 STRH LR RO OC R o 2 >
T AVRFAE RO EE, 38904 R {5 B oA RURFAE . IR B SR Y B A E A5 B X S
GEREIEAS BT EN A R HE, A4 = A W 28 R e P, SE 25 tnl&] 2-13 B
i

Dy e A iy s ) | y 4 Ay vy

IR ZJREE RHAE B

HH
y /Uﬁi
. W | | \W%
C C
] 2-13 SE 454421
HIE S MR SFEE MGG S Tl S S E 4 E G B A, BE N

B R, IR AL R B R AIE o ML R AR ML A G T b 2 Te] 48 52 B )
SRR AR, P ELRE I EGE

HIEE =

VAL 7S

Z[AE
B

FHIERIX WL X
K] 2-14 CBAM &5+

HAA B E & S8y (Convolutional Block Attention Module, CBAM)M“31& — fif
SO (38 T 5 2 (A VR AR T L, 1 e 20 de e YA 5 7 AL ) Ak B S A R AL
L, R MG LA R AE SR PR A TR S LA 2 RS AT R i
s R R R 2 1) XI5 U o S S A B A R A0 A, 88 38 A 2 ) R
AR5 B L DL AR, CBAM B4R 45 Fy & 2-14 FioR.

3 R WU A R WL ) —FeRe ], RUESR A0 R G o )

17



LRCTRER A AR 3

FAXHR NS BT R IR THE, A SN AN [ e 2R 4 BCAS IR R RE g, (8T
WP HINIECR . BEEIVHEES Y ) EfmE Q. mE K, HME V
Z AR B, R4S SR S, SEBl AT oSvE . AR OLHE S BT
FUOCHHT IR, BIEN S I RE R, AR E o M oemE, BA A
HOESEN PR L & PR VA i 38

MRS T %% (Vision Transformer, ViT)#4H& —F £k Bk AvLdl, T 2020
AR, TN AT 5 BRI IR %, 2 3k VR R ML Ak 25 K
B 2-15 fn . VIT 2k FEE OPHHER T BIUE, & 7R R,
7t ImageNet Z#E4E FHAFILR ST, FTAE T CNN FERL 3 U8 ) i sE A o it
ML )N FE A, DB B IAb g, ST RTARER . SRUEA AL B A
WIERER, WMEEEK,

Output

Linear

Concat

[ Scaled Dot-Product }
Attention

I
[ Linear ] [ Linear ] [ Linear ]
f i f
\% K Q
t t t
Input

2-15 2 KiE R B S5
TR IV G B AT IBE B, AR AR T R T B S B X, 3
AL SEAESSHG EE o IR, ASCHIATFBETE 2 FER B, AR TH R AT

2.4 fiiAEG N ERRE X BEARER

2.4.1 NEIRHENX

FE H ARSI AU, /N B RS SO TR 1, 32 BT A RUZ AN %S RUEZ P b
WA
FXE RN A AR BLEE N Z [, il H s IR RN 5 B R AR 2 L sk H g

18
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M5 EME v m Ik g « R, XME 5 2 8RS R, BB PEAli 45 L PT RE
PR 4 4R B R ONAS R TG BT i 222

2 0f FORE /IS H AR W AR5 3R K/ R S E s BIANAE City-Persons %44k
L N H AR E SON S EENT 75 B3I H A5, ARIEdE £ 4 DOTA . WIDERFACE
A Tiny-Person 1% H W E 1 ARG R KAMEN /N BERIFRIE.

AN RIX BN HBRIE R R B, A5 BRHEA IR, T B0k g AR 2218
FERUAH BRI B AR, B AL DL PN AR HE i R 20 iR

242 ZREBHGREERBRESE S HHER-

Wi n B G n e o, BRIRIBOR, A~ B b BB A B B
Ao B 2-16 ATLLE L BldnEG A2/ AR, X8 SR ERRD.
FEPAT RHER 7> A AR 6 o, L2 R BB L, BB R B AN,
LRAETRBURF LGS S, RRAE I B 0 R e BT/ o X2 R BV HARASKRAFAE
TR BUR DRI DU NS, SR R AR B AR H A R . JF BT B R
RE LR HAR, A BB RN 2 REZ B FILER, B
P 28 5o AN ) RURE A BROA R VUl 5 Az o [R) IR ZE AT B, AR H AR SR i 22
B R EHIE RS S, IR E RSB TN ES, 154
RO CAYEE R [X 3 A LR B AR RHIE o X 30— 25 5 mid AR AL /N B FR R R
(REPSYIDERYE

K 2-16 MG RERE 1

19



LR TR 2 A7 185

243 BirAEEERERES SO

BT RNE R, HENERES S BERiRE. woh, I
A IR RS . HASEIA RS AR SR Ol Wil 2-17 Bros, idn &
B R REAE BEL A, BURHYIAR BE 5 3275 T30 AT HUIHE AR F i
MR R S 2 I S5 B UURIRIL HASRIE S, TIRAIZ%, SER
ARG, X ABIEIN 1 206 H AR S BRI HE L

K 2-17 fidn g R 2
Bt DA _E PR ANME A, ARy AR S 3 BN SR 4 B4 H a7 VA o Tk .
FeE i EUE/N AR ROR, NG 22 LRSS H 0 E .

2.5 KRB
IR X5 A AR A 24 ) 25 AR o Rl — S B FE A A B 18, F1 5] H B EAG I AD

— B BURI IR, DK A% B Bkt i S350 B (R 7 i B O R IR A, R
TN A SRAS IR, foe e X T B (R B AR B0 58 SO BOARME )34 1 20T

20
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£ 3 F ETH{EEEAAAEIE B sl 5%

A A AR VT 2 368 P SR A0 30 P e SR v R B . SR, AR AL 2
gk, QAR BRI, BUA K SRR LR U BOR e e 0 B 8 21— 8
MAEBelk: AR/, 2 RIEH I, a8 Anse, S e R
FROCH R . PIE, B R AT B R B ARIRS AL WSO RECE TR B bR
MESRHA) TR, 4% = i A SR T B B F A RS

AREAE YOLOVS SLEMIAEA , JET Bl iml e, $2 t—Fh ik TR ki 5 (19
Fitsm R B ARl Uik o SOt BT RR ARSI R 4%, AR SIAE B 0% TS 5N 10 H bRy
IR, JEHREN /N AARRRAE AT 3R . 256G 2 RUERI A eodt Jr ik, Seatit
BB 2 R A AR S AR

3.1 {RBIER{RLER

YOLOvS5 W& aniE 3-1 frs. &5, SRBGMABGRIRLER, BEaa
FEMURFIEAS /S, e Zamad it =Ml EA4T H AR T . YOLOVS 47 MR,
A x,os, 0, my VIR, EATHIAS R ZRBLAE X 2 AB R (PR L AN 58 1 L

Input
C(inv / \ / \
Conv

Head

FAC Conv —
FC3
Clasity Conv
ce ‘g

#

#

*
Conv

#

Conv

Conv.  — Head ’

L

9*C3 1 3*C3
f

i =

3*c3 D
$

SPPF Conv
= Conv — Head

-3*C3
Backbone Neck
\ ) o k Head j

K] 3-1 YOLOV5 M 2% 45 §4)

AR E P AL DL YOLOVSs A REAIHESE, A& IR T-7Efidn BIHE B dxtail

‘

21
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SPAETAS IR E SR LK. YOLOVS B 4% 45 #) 6135 Input. Backbone. Neck
1 Head PYANHB4Y, 7E Input #55, FIH Mosaic 77725 4 N BG4 T 5 1 5,
Backbone JZ 2 B HFIE(S B, Neck Z 0 HEEUMHFEHEAT AL A, Head JEM
Neck ZHHU) 80 X 80 40X 40 Al 20X 20 = AN X 34T 7 I (i N\ A5 R~
640x640), i A Hi R 25 R

A% B R L — iR TR AR 5 TR R B ke I 5 2 1) £ e ] 3-2 i

|

N

"

Input

Conv / \
!
Conv C 3*C3 Conv  — Head ‘

SPD

Conv

'_

FAC3

Conv

SPD Conv
6*C3
23
Conv Conv
|
SPD

Conv  ~ Head ’

—Q
>'

Conv
3

3*Trans

—=
>'

Conv

|
SPD
l

3*Trans

!
SPPF Conv
Backbone Neck K Head /
N

P 3-2 e TRRAERG SR KA R B bR DB 45 4
£ YOLOVS HZEA L, BEx s BUERAr =, AT fian T ot
(1) BURME BRI . R ZFER S, 5] N Transformer EHURT CA
B, FHER VBRI Z I REE S, AT SR ICEHR IO R X 3,
1 0 26 e 5 A M SR BURFIEAS 2
(2) FHEE BIEEASE . 7EFTHRHAEMZS 5] N SPD-Conv Bk, TEfR%FIN
2 S P B RRALE , 3 BRI 15 B2 2R DLRCRAE 2 S BUR R £

Conv — Head ’

22
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I, et i RN B ARAE 45 BRI

(3) ZRIERMAFEE. EM 2% Head S i/ B sk, #EROK B ARt
i, PRTTRERINIA BB 22 RUEE H bR BRI AERR 2 o £EAG U35 5]\ Transformer
B, FIHBEREANE, GREME2RER. 2RERNAAEREIE AT
) PRI R, T AR ke D 6% R i P AR 4 % 30 LA ) e A

3.2 ETMEFFEIEE G E

3.2.1 Coordinate Attention 1E5&4FIE{E 23X EX

TR IHUE 2 AT AR AT 5, W1 SE. CBAM 4. CAMLG AL E{E B
ISR, ) FH 7925 i R 0 v o 0 4 R e 8 SR BT )32 IX SR )RR AE A 2
[Fi) Bt AN S A A M ) B AT AR

) 2% A5 T E SR UL BB RS B fE v, BB 48 IR IR 228 i fE B &
K, M 285/ EbR. B8RRGSR FIEARZSI CA Bk, Wb EGE R
R . AL EAEEE S FEIR AR, 7T RLSEI R A5 B IREL, 5 B 2% 58 4F
Hu R H A

CA VER MR EZ 3 AAFAME BN SR, 5 RIRAME KA NAG-1),
(3-2)Fs:

Z.(h) = %ngxc(h, i) (3-1)
z. (W)= %0;{ x> W) (3-2)

Forft, Z(h) FR N MBI, T hONEE . H ., W 4B R
ONBEGE BB RERIGE I . x (h, i) D5 ¢ SRR SR B AE A . St Lk i Iy 2

RN, R A8 T FRFAE, TR X 7 AR R AR B o 28 SR E— 42 ]
JiTRER A, R LORAE 3 — R A A BAS S o AR A o% 2 :0in st (3-3)
I

[=6(F(Z",Z"])) (3-3)

23
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F1NGRAHREL [Zh, Zw] NFALJZ 25 R 4EEE SR AE, 6 4 sigmoid
PR, f ORI B BT AR e A4 S AT e i R AR A . R A 1x1

BRIV R K R A Oy B A DS E RO KR, AR 3 T K (3-4),
(3-5):
g" =a(F,(f") (3-4)
g =o(F,(f") (3-5)
g NAFZ B AE LR AL B R E R I 45 R, F 9 GRT B e

I (3-6) T, CA B Ryan|&l 3-3 fin:

(i, )= x.(, ) xgl () xg () (3-6)

CxHxW

Residual

X Avg pool Y Avg pool
CxHx1 Cx1xW
- ClexIx(W+H)
BN
Non-linear
Sigmoid Sigmoid
CxHxl\ / Cx1x

Re-weight «———
CxHxW

l Output

3-3 Coordinate Attention &b 28 £4)145]
3.2.2 Transformer 32 £ B{5 212 HL

Transformer W H B 5T 7E ML 5 T ARFF 40 ], VIT 52 58 — MEM I IR AL S
5] N Transformer fUREHRE, FEHUSIRGF BRI R R, A SCK 3= T FRHUM 25 5%
JG—> C3 ML # A Transformer 5 C3 45 & WA HL . pgE R HL 5 5 46 /X 4% 19
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C3 ML, #E T ERERFMESN, 5T LT UHEER, EfiE%E
B4y A 1 B FR R AT 45 B B SRR . Transformer FEELE & ARy, 2R
—H A NZ IR R R, 5 T N EERE . HE G- TR
OK'
N

7 ERAKXF, O K. VaRlAERRE. BHE. [HRE, doNRA
FRIE K M B 4ES . IXFEEER N PG S — MG R T LS oG 2577 AR e Bk
P, BA T HAMG R RHE. &5, EERIRAE G4 R e s, WnrEs|
ZER I, wn3-8) TR

MultiHead (Q,K V') = Concat(head ,...,head ,)W ° (3-8)

Attention(Q, K, V') = softma ( (3-7)

H H head, = Attention(QW.2, KWX,yw)y , W2 eR™ %, WK e Rmah

W) e R | 0 g R&wa ™ SHBHSERE, o NI ELEE.
Transformer FEER )2 2 BN 28, T B X AE BT L2484k, 3Em
SEPLAT SR SRR A 03, b R os =R (3-9) s o

Srn = MLP(LN (MultiHead (Q,K,V) + 7)) (3-9)

Heh, ZERNMIN, LN(MultiHead (0.K V) +7) #R 08 T HESEREEN

Z JZ 28, Transformer Jmfil 235/ U 3-4 Fin, 2% Transformer B ER )%
HZR R GB-10) .

Transformer(x,, )=f .y tMultiHead (Q, K, V) (3-10)

2k HE R I LEI RN 7 4FAE 722 18] 1) 22 R, SRTTAN R B SRS 2 g
770 383 R Ab B 2 S R 7, AR T DA e M B N 81 o R S IR AL
NOUFE R AT A G i 5 B8 OR RS AT Rt 52 > P 9 R R IR, XM IFAT I 2
LA B TR A R B R RE AT RIS BE /. Self-Attention #1179 Transformer
HH ) B R, L AENE 1 (R P OB ANMB B n] DLOGHR B AR AR R AU AE . A 3R
B 2% MME R Z T R SRERVEARLE, AT LA ST AN A HARFFAE AR 52, ARy 3Rk
WO 2 ARk 51N Transformer A5 a] AR g 3= R4 28 %68 40/ B AR IHRFAE
SeHRE
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Output

i

[y
LN

@GR 7T

Feed
Forward

Lt 4

)

IN )

Input
K] 3-4 Transformer & hit 5% 45 fJ 1461

3.2.3 SPD-Conv LA 4FEIR AL &

G T8 Wz s B s, BOs—BIEGR IR R, BE&E+H
PRR/NIE T, BTCLES 2 SRR AIAL BRI TU AR A5 ., AR AT LSRR 6 (1 RFAIE
G AR, AT BB BRSO AESS, TURME AR R, BE%
B Z PR, w2 S 80N B HE B Z R LSRR R 152 S RGN
b, ARSI SPD-Conv #EHT, DA 5 20 B AR Z AL R o

X F o AR FRFE I X, BEAS T ) AZ LA PR X X BEAT R R AR, 1B 3-5
YT scale=2 I R B Il ,  SPD-Conv A5 B ¥ 15 £iF B 5% 46 Sy o 8] 45 1iF &

X’( el el ,scale2C1j o 1£ SPD-Conv F#IEAHZ 2 J5, R 1 — N ARES

9
scale  scale

&M Z (B stride=1), b C2 #E A F) o € 2%, @ IX FE 3 — DA e,

X'( s S ,scaleTJ—)X"( s S cj R B (5 8 PR T

scale’ scale scale’ scale
RESSW

HAGHUE KA E, XK SRR RS B AR, Rl IR
FEGAVNE bR o ] SPD-Conv YHRR T K AALERAE, BUMARZ 12—
23 A BIER B BRI — AN TP KA . X P v 78 O BE AU BIRHAE S B AR,
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AT )R RARRS AR B P A

S/2
S/2

S/

®C2

c \
-,

S/2
K] 3-5 SPD-Conv £ 14 75| €l (scale=2)[47)

4Cl1

3.3 ZREKNERE

YOLOVS FEA 3 MAFREEMRIIE . A E1E 45 Backbone 2 (1 4b
J&» Neck JZ& it AT ERFE, SR)5 157075 Backbone ZH IS 4 JEANG 6 J2
%, ZJEEHT T RFE . Head |2 & H2HL Neck J2 =AU SHRHIE B THH, F LA
RGN B KB HEHMEETDNEIRES, X33 YOLOVS
BRI BB /N B bR RS A8 7 25 A 22 o

ARSI otk Head 2546, $EMM—AMGMSk, it K/ A 160160 [ II4RF
TEEI G BRI A 640x640), S @nt /s HARIBUREE, S T1xiidm BHE /s
HARHIATIGE 7)o BTG Sk 23R mth A, 7725 I B R h A7
FEFARAE N B ARP iR, DR AR SCLE i HH DU AN ARSI Sk 5L ity A B3 K H sl Sk,
CRER I, /N, BRI Sk, gD AN AT R, DR B I 4% HA A ek
PR, RO G b i 2 RO B bRk DA 55 ik ik o 7 AL BT 11 B BUX SR RN
L = S A B BB I, O 2% A i R ASFAAE B 23 e AR A UG DRI T AR SC R ZE AR 4%
P RFE B 51 H Transformer Bk, i —P4240E S B2 R SCHE, A2
/N H AR IRRAE R IE BE 77 o
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3.4 fNE G EESLT

W A T X 2% R RGN 22 SR ) 5 A U 77 A4 81 P ke 0 5 SR LR AT B, ]
3-6 fim. HAE 3-6 H(a). () AN YOLOVS HiERI Al b sl 45 51, (b). (d)
R AR B4t 5 i 5 SR P . R 3-6 (1(a) RT(b) NP, AT BAR B YOLOVS
HILTRK, AR IERA . B 3-6 FI(c)f(d) B2 %EBM A, Mrbmarel
A AR SEA LU YOLOVS Jfe i) people. Fid 73t it B e it 77 iAE 2
RPE bRt FEAREER, ST BB SEDA0 T R B RIS B .

bicycle 0.3 S

pedestrian 0.72" : pedestrian 0.70

(2) YOLOvS Kl — (b) A VR E —

awning—tricycle 0.37
i

8 & 111118 /-
(c) YOLOVS #ail & — (d) ASCT7 A —
K 3-6 A5 YOLOVS R Ak 45 Bxt b

3.5 KB

A FEREXTBUA I3 51 B0A 1 2 i B B sl b i B AR RU%
ZRKALAFAE KB/ B SR 555 00, £ YOLOVS (Ml B, $2 17—
Tt TR AE Y 0 AT B E SRS I 75 7% AR T RAESR IO 45 51N CA B
Transformer #5 L& SPD-Conv BRI S AT A B B AL (S B SE U RE 7T, 1 o
2T RSN HARBRRAE . Sck X 2 der I, 368 3o A HE T ) =M 3y 22
IANERIREIEEE GRRER AR D FE i walllEr S DN DR Rl e r
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£ 4 8T MNIERAAEIGRIES: B sl 750

55 3 BT OTVE F AN 2 RE A HE SN Bix, B IEREH RN,
—UETT R R A B AR, 8 H )% T 7K P HE (Horizontal Bounding Box, HBB)
Ti AR 2 1 SR S AT H AR RHIES B, TR RIS, S3US
MR 2 o (RIS T 7K PR IHE (1 D7 ik Te ik il vk B AR 7 18], T ZE M4 R
H bRkl o, AERRI 7 R 45 B2 B OCH B, ek B Anta il 77 XA SR 1) B
PRJT AT EIOL R . BRI, IR UG e H Ak il ik, S5 & e 2oL LA
P SR BT, DL SRR MR U H A5

AREAE YOLOVT BLEH R b, B R E] iR, =i 7 —Fat A E=
R4 B B B As kil 7 v o ik 51N S LRI e B As kil o7is, sl
HRAERRTI, SRE T S H AR IR .

4.1 ZEIRLER

YOLOV7 HEARSE R tnE 4-1 Fioso

- Input

CBS : ::r i
! F— I
dl ELAN-W I ' :
cEen | | t - REP —CBM — |
i ! Cat M{’-2 i :
t I
CI?S : UPSample Cat : : :
| 1 |
ELAN | | CBS I I |
! CBS ; ELAN-W —- REP — CBM — |
MP-1 J ELAN-W MllJ - ! :
I t 5 I
EEANS '+ CBS — Cat I 1 |
I Cat g
| |
MI{'I J UPSample | H ’ |
f W L | -
ELAN | oBS ELAN-W i REP — CBM |
I 1 I
NPe | SPPCSPC i |
[ | |
ELAN — | :
Backbone | Neek [ Head ]

K 4-1 YOLOV7 4% 4584
HeE# 5 YOLOvS I, B4 Input. Backbone. Neck il Head PUAN4)
BRI, YOLOVT JHRLIX LA it - B PRFRIE A, SEBL 1 X A BB H AR EY

29



LTRSS 38 5

HER RN o

EEXHITHA S /S B AR IIAZZE (3 25, AR F 42— FPS0dE ) YOLOVT H #s
R 7, BRI aE 42 Fros. WG = IPLE], K5I\ Backbone
o, T I 28 TR R SR HCRE 77 o B — BB 2 it id: = b, [RIIF) F FC7E Neck
P PAT RS AL, F5 B 2 58 b A i MR B AR IARIE S 2o SN — Pl ok
BRI, A AE T DU A MU IS H AR U7 1)

|
|
|
|
|
|
|
ELAN-W |

! ——~ REP —| CBM — '
— Cat MP-2 |:
__________ ) t l I
EAM | CBS ' UPSample Cat :I
ro o * | I
jmmm - |
MP-17 | | ; | S ELAN-W -+ REP — CBM —
! | ! UPSample + | I
ELAN — | . ' ELAN-W I
o TN R : t I
! EAM !I[7.CBS 1} s Cat | H
ey errlll N ! Cat I
MP-1 I . UPSample | I
| L ! PR w L || .
| UPSample | ( | ELAN-W REP CBM

B 42 REUTER B0 B e H AR A 2

FE YOLOVT [F2EAt b, BERHTn B RS =, AR Efn T ot

(D) WHRELTIIm. WitgsmiEE b, MAERIPLHEIRE >z X
BRIRFIEAS 2 AT PR B R O BR X 5. (S8 R 2 A2 AT IR I THSERE T H S 4 4
PR, A EEBE RN ERLE RGBT,

(2) FHEE B RS T B XA R AT R E L], AL =
JERBCE 2 ETHRIEE S, R8I Ry TR S, SRR iERIk g

(3) T AT . SR ks B ARHEREAT F AR, BRI H A i A
JEAEE . it KLDWWE NSRRI G 2%, AL A I RCR a3k i 42 71 ]
LRAE NI BB e e H bR AR 7
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4.2 BNEENNHIR B RN 75 %

4.2.1 ERFE DR UFHERS BIRE

0 2838 3 3 T A LA R B B (0 AT 2 ST, AR R A RO AR EE X, AR
M 75 o AT BN AR B EIR S o X i dm UGN B ARAELE (1 ) L, AR 2
B — MG REER AL, AR IEZ 18] 1A 18] 58 R A RS T K, SRR
FHE M BN CRAE . 81Kk, AR R G B SRR AR, i@ DR,

F — FAAvg +FAMax (4_1)
HAr F = AvgPool(F,,.,) » F)"™ =MaxPool(F,, ), F, 6 N%EERE, A%

f8 F| Maxpool Al Avgpool >k Hs 4 i A HFAE B 1 2% A 4E B2 A5 B IR e rp b 2E
Maxpool #4438 # rh i KE 1) 725 [ AR 3 AU IR 2 e 4 P v, SR e ks ] o
— e/ NEARIUAEAE, Avgpool T ATIEIE K45 28 MG R M B 2 IRl 4k, ¢
H R IRETE 2 AYEE PR R R R A A, R R . (R —R N,
Maxpool BEHAI Avgpool BEHA A GINH At ZH, Pl AN 245 W 45 )1 i R A7 4
1 FH P it A A B A B B B2 D E P38 R e Rt Ab 2 AR B B AR i A, Wic 4
B AT (1 2 (R RFAE A

ML 2= (R P e N A MR BRGE T8 1 78 7R R M, [ B R B 52 X 4%
FARMEIREI . N T RYOX AN, A SC 5] N IR BET] 43 85 45 #H (Depthwise
Convolution, DWConv), f#if DWConv H 2 ML A

(1) AT LA I % 2 v 43 86 4 A L B AVRRALE B o 18 P A 2 )45 U5 v S DL
EES

(2) WEBREE AR TR, FASCEH DWConv, ik /2% A DARE
IS N RFAE B TR 2 2, R FFRAAEAS B AN AR 1, DA SRFAE B iR Bl S [l 4E 5
(7] IR ] BE BRI B A

RICHAT Z R BERT 3 B AR, ARG B B2 B AR K, SRECI AR BE =
o W SRR 2 BRI AE RAHAT RS, AR FRHE, A (4-2),
(4-3)F7s

M. =c(DWConv(F)+DWConv*(F)+DWConv’(F)) (4-2)

conv
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M,=M,, OF

conv ocal

(4-3)
Hrfr, DWConv(F) R R EEATIRZ W] 0 BB HRRAE, cat Fom =48
FEARIN, O oM iB N iEaRil, M FRonim &Mt . EEIBUE S RE EEK

B, BRINBCRAE o £ R 355, i S0 E 5 g B SRR AL 1B TE A
e X 28 R BE 22 VR AT 5, ST A Ak Pk Re, B9yt e apLa an i 4-3 Fir

7N o

Output

S

AvgPool
:|> DWConv -+ DWConv » DWConv

Input

MaxPool

Bl 4-3 ISR TE R 145
422 REMIENHTHRENIREEEME

SCHR[49]9 4B — PG R4 H 88 vE & /7 (Efficient Channel Attention, ECA)Sibk,
H 2R % SENet Bt . PRIz R 2 7B E R ), 2 (a5 Bk
MERIRI A 4T . I, AT DL ECA BEHUONEERY, 3R — Rk tEiEE
B o 2% 2] B AR 2 [ 454415 RS IEIE(E ., 51 F 404 W 24 58 A b $2 B E FRRFAE o
B v I 28 o AT B H AR IR RFE R IK B 7, 5B H AR S B R, XU Itk

BRI W 4-4 FR

Bl 4-4 WU = S IHL 254
B, WH N EURHEAT A R A AR EE, AR5 S A ROk 4 L@ iE L
H, FAIH sigmoid MIBCGRIUBE, &5 NFHIE S A AR, o H 2 X 1
RVE, WARIE(4-4)FR:

ECA(x) = o(Conk(Gap(F(x))))x F(x) (4-4)
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H, Conk()FRARKPNN Kk FIERE, Gap( ) LR, F(x)Ex
MHTERTZIPAN . R KN kI — 45 S22, BT SEBES K
J5E R AR R R o REAE 8 E £ C WnsX(4-5) R, SR A B kA I S =X(4-6)
Fr7s o

C = (kb (4-5)
log,(C) b
k= |%)+_|odd (4-6)

Ferb | x|,y RO x AL I T AL AT S8 70 K y A b ¥ 2 A1 1, ECA

R g i 4-5 s @i A g EXT @ iE TR 45, A A Maxpool $2HL
TE B KAE, FIF Avgpool $&HUHIE IY-FIME . W52 BB I8 E RFE S 55
w47, Bl 4-6 R 7 A R R IR g h I .

1x1xC 1x1xC

P 4-5 ECA sk
SAM (F) = o(f ™ ([AvgPool (F (x)); MaxPool (F (x))])) x F (x) 4-7)
Horp, f77 RRBHEIIRAN, 747 BFIGEFUZLL 3*3 MG RUZ RO BT
s ECA VER A A B 145 Rt AT e, inal(4-8) s .

A(x) = ECA(x) + SAM (x) (4-8)

094

[MaxPool,AvgPool]
Kl 4-6 2 [a)yE i IR gt i
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FPN ik B 10 [m] T (A0 b & v 2 AR JZEE SURAIE, 3R AL SE R Y B Rl )
BE 17 . B2 B4 4% (Path Aggregation Network, PANet)#hn 7 — 2% H Ji i) _F )%
1, IR EAITIZE Z AV RHEAS B Rl Bk R, A Bh T 5 a7 85 AN 6] 2 IR )RR
fiF, FEERLROG H AR BRI BE JT o R B R E Bl A R R BB 5 SR 2 1
BT E, IRERHMERIE. YOLOVT [T H (1945 45 #4) 37 K %} Backbone %t
25 FPN HRHMIERHT BN AL B, HAMERIEW B AL . FH R IERIEL, A5
BEH 3 TR A I RRE Al A AR HOE FPN HEAT B0 . XU VEE 78 A P AT R AR R A
WURIGE T 4-7 B, 30T RRAE R O BRiEH:, 51 NASTHR HE It
FER ML o BT DTRR R 1 A O, AN RS2 B N R AE P R AT
e, RIHRHERL G AR

!

ELAN-W

!

o .

I |
f
UPSample

!

CBS
UPSample t

ELAN-W
f

s R

N | T

UPSample
UPSample f

Bl 4-7 RUZRAEVE B T PAT R Rk G AL 2544

RUA M = I Nk T Backbone 1% 25 FPN 101 JZ R ik B (15 SCFLE f7 4
fiE, JCHAE SCRHIE. (R, XU MR S 1B (1)~ 3 A A 72 T2 1)
ANFFAE B0 e A BRI AR S T s SUE BRI A e 7, 958 T /NFAE K
FRERRHE, AR TN Z 5 T IR H bR SR AR AR AR R 2 KRR &
B UE BE AR T X M R BN E AR, B T REHEE EIiE
FRE, B R TR 244750 BRI/ B bp e XU MR B 1@ 76 A [ 2 2 1R
iE B B8 P 3t AL R B KA A, T b P T e A AE BAE U B SR
Bro PR HINE AT 2R AE AT A [F)RURE RN 52 2% B2 1) A i B Jm 3R 3 A v R
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4.3 nekE BRI SR

FE— 35 N HAE AP RERERT BARE I, H (x, y, w, ) ZHCRIEATRR,
S ARRAE R O s AR SEPERI R o (AR MG AP AT = 7 [F 405 10 E A
TP G (R B2 R A 22, AR T A5 BN IE B AR5 4. 26Tk, Jied A
bR IR, I iERE M RS S, AR H AR e L S AT AR 2.
Wl 4-8 Bz, ASCEL (x, y,w,h,0) KA SHCRE ek AR FIAFHE, 0 x
i 1E 777 1) 0w (R A R P E B, L AE[-90°,90°), FIH 6 18 A BEAE B GI N
YOLOv7 fiBi

X-asix

\4

\4

Kl 4-8 et ik RN
YOLOV7 B 45 5% R 2 G5 S0 2K (Loss o, )~ IUHE R 2K( Loss,, , )
BAGEIR(Loss,y, ), HARIIT(4-9) s :

Loss = LosS,, + L0, + LOSS (4-9)

Reg

Loss ¢, F1 Loss ,,, K /e — 7058 Xk e, inal(4-10) s

BCELOSS:-%iyi Jlog(o(x;)) +(1—y,)slog(l —o(x,)) (4-10)

Hrb o(x,) A Sigmoid BEL, 1x@-11)FTR:

1

S

(4-11)

f£ YOLOVT AL A S HUa I, e AR [m] VA AT B 51 e 5% BRUR iR
%, B TR . o st in) @, ASFES| N KLD 35155 bR AT S AE 011458
Ko FLIE B R e 1L TR oy Yk v oA, 8IS R 7 o0 A 18] AR X
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KSLEL, BAR(4-12)FR:

Dy (N, |IN,)) = %(up ~u)"Y Nu, ~u)+ ;—Tr(zt_lzp )+ ;—In |%—’||1 (4-12)

LA T an4-13), (4-14), 4-15)FR:

4(Axcos 6, +Aysin)*  4(Aycos@-Axsin 6)’

- ! t I !
u, =u)' D, (w,=u)= " . hf (4-13)
2 2 h2 W2
Tr(z Z )= I;Sln A49+ —Lsin* AG+ cos2A0+—’2’cos2A0 (4-14)
t ht ht Wt
2 2
] it (4-15)
> W

R, Av=x,-x, Ay=y,—y,,» AO=6,-6,, 7352 FIHERIFLSLAE L (1)

(et ARSI A FE 22 (B . KLD BT an(4-16) s

1
fan = (N, I1N,) = 1+1n(1+DKL(Np||Nt)> (10

KLD #5155 R % RE B@ M A2 IE DR, AeA RN A B iR 22
XA P BISE,  SEBIL oA B A e e sl

4.4 AT SEEE

P AR T TV IAE AN SR AT S0 58, BT v g R, 45 SR
4-9, 4-10 ffi7s.

K 4-9 B S g bR I 45 2R
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L s

= T _
K 4-10 NWPUVHR-10 #odf £ _F T MEALAS 0 45 R

Kl 4-9 BoR 707 AE B @8RS E A AT A R, B 4-10 BoR T

J7iEAE NWPUVHR-10 #da £ EEE > nIALALEE R . K] 4-9 A1 4-10 ATLLE

AR SCHR R AR AL 3 T A A T MR 7S ] e T R I T A 1 RE . AE B R

Wyt ZBRES A ROBIERR R, R A SR, 1S H AR BE N ik

CIET

4.5 KRB

A TR TR B G AR R IR I, SECRET 745 B DR R AR
M 00 20 L ) o, AR T RN R T BT BB e e F AN v . BETE o
EE e ET MR IRE T, (8 U MEE B A AT R A L, SRSk
AEAE B RS, 5B 28 ROR AR _E BT SURAIE . XA A H T
MEAF S5 N E AR B B ArMAEE R, JFEd KLD /E R E
WZRRIZE, PALTERASIN R, SRTH N 25 AE T B & e e H b IRl 7%
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%58 TRATREL IR

HI A 55 1 Y A A 5N B Rl rh A7 e 22 RO B ARIEAE . R0 5L
H b 8 LA 7 1) AT 3 43 A 46 1) 8L FR T ISV B A, 41 L T o 5B A 0 77 ¥ R0 A
[l 375 B B BB /N B ARAG I o AS BoRe X6 B2 L B P R 7 VR SR T HEAT VR4 1 S
e, PAISIE TS ¥R A Rk o IF BT P sm 25 F P SOk ELULfaT vt (X T LAk 45
YEF

5.1 EFHHEEERIANIARIR B AR 77 AR SEdu 4
5.1.1 FHESER BRGNS A SR B

ARy 7 VA ) S B IR B A 7E Windows 10 24t Fi#EATHY, {4 T PyTorch
1.10.2 PREE 2% S HESE, CUDA KA 11.3. Bt A# 4 F B 55 NVIDIA GeForce
RTX 3060 GPU(12GB 7). Intel(R) Core(TM) i7-10700 CPU(2.90GHz). 16GB
RAM.,

R TR SHBCE W T A BB KN 640X 640, KA SGD fifbes,
IG5 219 0.01, 52 2] FR AR GLIR KEE

K H VisDrone-DET201900%5 4 £ (LA T & #% VisDrone2019)i3E 4T S5, 144K
PR 10 A0, 10209 5KEE, Hod 6471 5K Tk, 548 5k T4,
3190 5K Tt

Pk REVEAN Fi8 b K FH B DA% S i (Frames Per Second, FPS), W44 AU &5 Fb A
DU 2 b5k ], DA ST 350K B $5){E (mean average precision, mAP), Hit&H 77

RS- (5-2) (5-3). -DFTR.
TP TP

Precision= = - (5-1)
TP+ FP  all detctions
Recall= P = i (5-2)
TP+ FN all ground truths
AP = [ PdR 5-3
a j 0 (5-3)
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N

> ar

mAP == 5-4
N (5-4)

F B, SRS i~ TP N IEMRIMEE, FP NI EE, FN
IR ECE, P RN IEHAS I B e AR 25 SR A LE R, R R IEwA I 1
= S rE BinBE L,

5.1.2 FHIEIE5E BARAQIN 75 AR HRASEIE S 4

NIATE & TR AR R G R, DL YOLOVS DY FEviE AT 1 e it et 4
P 5-1 Fior.

oS0 TR SRR R A R s O T IR B s TR R SR U LR 2K
PE, ATT4E YOLOVS 26l EAn N o B b AT 5058 . sk 5-1 P, 5
YOLOvS fHLt, 7E VisDrone2019 ##54E b, mAP #2517 2.5 ME 45, FPS
BEAIR T 150 3 U0 B SOt 9 32 FARPAE SR BB H T U ROt iR T 2 RS H AR IAE B
PEEUGE AT, E IR R

CSCREAGH Se AE HR A 2 : Dl T UE B SO A T Sk AR K A R, AR HE
YOLOVS fyFEfiti b ot iz dl, JFaATSEs. Wk 5-1 Bros, 5 YOLOvS #ifY
ANk TR SR BB R M B, 7E VisDrone2019 $#545 |, mAP 73 5 E T 6.7
A 4.2 ANE ST R, FPS 43 BIFEAR 17 A1 20 31Xk B st ik I Sk iy, Jd 3t 38 15 /)
H FRAS v o] DAA O3 TH i RN B AR BRI BE, I\ Transformer 5
BfE — e R RARTE T R ORE B AR ERE, 0 T SR TR AR I M B o TIE
ek 22 ROBE RIS SR R AN R 2R

BARCERI A B N E B AR A A A, AT T R
YOLOVS H1#kATSES . 413k 5-1 s, 7E VisDrone2019 #i#li % £ 5 YOLOVS L,
mAP $25 T 7.8 NE 4 A, FPS PR T 28, BGE AL mAP i T
S3IALLANE . KU, ASCHRH I EIELEIIGIT S g, REUVNH
PRAFIEAS B DSR2 )RUBE B bR A4 55 077 T BUAS BL i) R, ST Hdn g E
ARSI RE o TR T A SCR B SRVE A R, 0 ek i I A B B A M
HAA .
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A PANER 5-1 FFEH, MNEIMAS NS FPS 5 YOLOVS #VA AT T 4,

AR L) FPS 4 54, {H AT LA 24 H ARSI 22K
*® 5-1 IHRRSER XL

Methods mAP/% Frame Rate /FPS
YOLOVS 34 82
YOLOV5+CA 343 69
YOLOvV5+CA+SPD 36.4 59
YOLOvV5+CA+SPD+Transformer 36.5 67
YOLOv5+Transformer+Head 40.7 65
Our 41.8 54

ARATVENF H B AR ALAE VisDrone2019 Hidf B xF 10 /4> H ARSI
TKERE, 45BN 5-2 Frn. Hd YOLOv5+CA+SPD+Transformer ££2 H11 5 N
YOLOV5+CST, YOLOv5+Transformer+Head 7£ % 13 5 4 YOLOV5+TH. M
52 PRI LAE H, ASCHR MR & s EUEL YOLOVS 725400 mAP #54 Fit
EFte £ YOLOVS MZgtaill 2 R, HHE4H bicycle Al awning X2 mAP
UL E] 13.5%H1 10.8%, FrIFIREFEAR 22, 3% A2 DR A 8 4R vh X 99 SR AE MR ol
RSN, HAAET S MBS RN . AT774 bicycle 1 awning 1)
mAP 325 T 3.7%F1 4.9%, FIAARSCHE I 77752 A BRI/ HERIRE ST, X
T2 R HAR IR SCR MR IR, 38 T BN B AR s I 7 T )

H .
22 5-2 VisDrone2019 #5555 mAP X bt

YOLOVS YOLOVS5+CST YOLOvV5+TH our
pedestrian 41.4% 44% 49.5% 51.4%
people 32.9% 34.7% 37.4% 38.9%
bicycle 13.5% 14.1% 16.3% 17.2%
car 74.5% 75.7% 81.3% 82.5%
van 37.5% 39.5% 43.5% 45.1%
truck 29.2% 32.4% 33.4% 35.8%
tricycle 19% 21.7% 28% 27.6%
awning 10.8% 12.1% 14.8% 15.7%
bus 45.7% 48.5% 55.9% 56.1%
motor 39.4% 42% 46.4% 48.7%
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5.1.3 FHIEIE5E B AR 5 SR RIXT EL SE30 7 A

NI AT 73 BT 7 iR ARk, G E T B ARSI IR FE 2 21 H bR a5t
RUMEXT L Sa . 43 3L HL SSD512. Faster-RCNN. RetinaNet. YOLOv4 [% 4% il
A SCEFAATING, SR A R AN 5-3 Fs . AR 5-3 AT AL, SSD512 Al RetinaNet
TEMAH EHG Bt g B AR AR R £ . B4R Faster-RCNN ZCRM U, (HEFH 2%
g 4h0, FEMRMmMK. M2 T, YOLOv4 MR A prieTt, Hib
YOLOVSs &, KINAR SR YOLOVSs JE0 1A, A LARRK TAMIZCR . (2
YOLOv4 Al RIS FE M 22 T A SCR Y, JF HiR AHZ A K. kA&

AR SC R B A T BB E AR € 7785 B3R Bk e st o
* 5-3 AFESAIERER L

Model mAP/% Frame Rate /FPS
YOLOv4 38.6 57.6
YOLOVS5s 34 82

SSD512(VGG-16) 26.8 37
RetinaNet(ResNet-50) 22.7 32
Faster-RCNN(ResNet-50) 29.6 36
Ours 41.8 54

DNEGUE AT SR R B ks PR M R G BT X i R E ARl 4
WO VR R A o) BB R AT N L SR a4 il & HU T YOLOv3 ReSAMP!Y,
mSODANetl52, TPH-YOLOvS, UCGNet™™], 5 YOLOvS AT, 2ot a0
K54 TR. I 5-4 MG RIS H, A3 H 0 5o SR H IR N 28 BRI
mAP #H$EF. YOLOv3 ReSAM AR AL 22 45 /4 11) SAM i = /AL 3=
TAE EIRELAE T, FEEVRHEAS B i Al &, 7E 22850 H Arkar DR FEAL T4
SR ABAES N BRI 7 T BOR A , BARR I AT AR S B BRI o
F2 BRI AT 7V BT XN BRI TN Sk, A5 R £ BE A R T A AR N B
F5. mSODANet f5 %4 Fi| F Hierarchical dilated network 780> E R {58, fE
B ARSI It 52 S R MEAGH I H A (R AIE, AR S VARG T 200 SR A A1 P 8 T
HUAS 24.67%(1) mAP, #2171 8.97%[ mAP. {HiZ M4 X H ATl sk, 54
T O RIS AR G, e N B ARSI HERL I . TPH-YOLOVS A 7K
00t 19 5 1S BB TNk, AR AR B PR U RS P 2 s 22, 3 FH TR SO
FTHREUN LS AT T ok, A 4% AT USROS 2 (1 HARRFHE(E B, A E 2
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FRAEAS 24T 7 . UCGNet $& Hi— > LLM SR 7T 5 1953 A B A — A e &
) SR AR A B SR (0 T IX 88k, (T M 45 B = BottleNeckCSP #1—~> SPP
P G, TN H AR R0 (5 SRS, M5 SOR I T A5 48 HE (R 00
EHL YOLOVS HEAT XL, P LAE H YOLOVS FrIAG IS F5 348 2 R T A= SCHE H 1

Fk, FESERONA L WCE AT IN /N B A A I b o
R 5-4 L EBE IS mAP X HL

YOLOv3 ReSAM mSODANet TPH-YOLOv5S UCGNet YOLOvVS our

mAP 33.15% 36.89% 39.18% 32.8% 40.3% 41.8%
pedestrian 17.28% 38.72% 39.2% 34% 43.8% 51.4%
people 15.78% 21.43% 27.1% 22.8% 33.3% 38.9%
bicycle 28.70% 20.28% 23.3% 19.4% 13.3% 17.2%
car 84.31% 59.61% 68.1% 58.6% 79.9% 82.5%
van 53.77% 44.32% 45.4% 39.6% 45.5% 45.1%
truck 42.96% 41.73% 39.6% 33% 36.4% 35.8%
tricycle 30.48% 35.75% 29.5% 23.1% 29.7% 27.6%
awning 24.38% 24.67% 18.4% 14.5% 18% 15.7%
bus 62.35% 49.93% 56.3% 52.4% 56.3% 56.1%
motor 61.57% 32.52% 36.1% 30.9% 46.7% 48.7%

NEAEA ST IE Rz A, B SO TR N YOLOV3 #7505, siih g R
Nk 5-5 fion. MK 5-5 AT LA HTE YOLOV3 I A5 32 H i itk 77 v )
YOLOV3 %f T Visdrone2019 SR MK mAP AR EFHHE T, [FI ] LLE H
BB S mAP #A ATig e, Bk r DOEB A SR T ik d@ s, A
SCCCHE IR 7 T DA B D 2% AR Y B A b SR U/ H AR 4B R R /N H

B RS IR
% 5-5 Bt YOLOV3 [k B s

YOLOvV3 Improve YOLOV3

mAP 28.1% 35.1%

pedestrian 38% 46.2%

people 31.2% 37.1%

bicycle 7.15% 10.1%
car 71.1% 79%

van 26.6% 35.3%

truck 21.3% 26.8%
tricycle 15% 21%
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Y 5-5 Mo YOLOV3 [RIR IS B 0o Bt

YOLOV3 Improve YOLOV3
awning 7.12% 11.8%
bus 28.5% 41%
motor 35.5% 42.8%

AL PL X B s, UESEARSCHR BRI A0S o« A SCHutt AR Rt v
2 PEIRE 71, AU T AR BB A ARt DU 55 I BAT SRR 5

5.2 MNERNRIAAAEIGREER: B AR5 AR SKLe o4
5.2.1 EEFIHER BARRIN S A SR II B

AR TIER RIS 5.1.1 LI E A A T B SR, A
AT KHLPT N2 MIA] Google Earth #E4T#4 18, 48 H] roLabellmg i 2k HX i %k
PEEEIEAT IR B Asbsic, SRR ET57, 3R15 618 5K 1024%1024 K/ K&
Holge, Hrh 498 sk A ENUIZEE, 60 skIE A ENEAESE, 60 5K /il

W& WarEdEmE 5-1 s,
% e AT

K 5-1 B HdE g il 1A
ASSCAEFH ) NWPUVHR-10 25 520545510 55 800 5Ky 70 HER 19 LR KR,
PEEEILII N 10 Ko BBILTE 650 5K Prfy BB IR i Fal BT ARiE. K
FIME 23], PRIt R AT IR A B AR AT S50 . #2008 21 1 1 By Ee sl 73 9l
A BRI AE . BT H] 520 sKIIZREIR, 65 sKIGUEEIR, 65 #illik
K& o BasEr = paniE 5-2 fros.
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i £y . #
] o i
& %
* 1 :”“L
¥ = 2 i
nd e s -
g - e
i - o
L I L ,

K] 5-2 NWPUVHR-10 %42 457~ 41 &
5.2.2 JEENNER Bt AR ER SRS 4 A

AT LA R_YOLOv7 AREEAE YOLOVT 5| A\ KLD #5125k sk #ie % B Akl 5 i%,
PERNFEMERR, 75 B @8R S g T Al Se 0 . THRLSIR 45 RNk 5-6 s, Hrh
GFLOPs NE:AP 10 ACIRHIT i 5, H TR SRR . EAM FRASCHR
B3 R R 1R E, BABFM R AR SCHE H IR U PETE R 7 AT Rl LA

R YE R IR RO s O T UE M SRR R DB R A, AR AE
R_YOLOv7 Z:fili F IR X B H i 47 S5 . 25 RNk 5-6 P, 5EEUEMIZ5AH
b, 7EAEEIRSE L, mAP & T 2.8, $#&FT 3.1%, GFLOPs 7+ 2.4, #n
T 2.3%. IXULIHE IR R AT BEHUE 32 FRAE B U 265 ml DA 280 THT A
KGN B AR ifE BARELRE 77, TR T iZ B g Rk

SULE MR 3 1 PAT Bl A S R0 : D T E B R M 3 0 P AT b A i
(A Rk, ASHITE R_YOLOVT JEUE 4% (1) L hili b osidhizpbisle, JRabATsest. 4o
* 56 Fin, EEHBEIEE L, WLMEER I VAT Bl A BIHUR 3L e N 28 A L,
mAP #2751 2.6, 2T+ T 2.9%, GFLOPs EF+ 71 1, T 1%. X%k
RN RO o XM RLE J7 AR5 R AR T I = WL SR AR e RRAE R RE T A
AN TNy X OGBS B AR AR A, A3 B ARk U A 1R, IR R T
LM R 1 PAT R A B AN AT B e

HEARGE R 1A R R T UE B B S5 10 R, AR AR 7 SRR AT SRS
R 5-6 fiun, 16 H @ H g LS EEEM AL, mAP #2851 3.2, 327+ T 3.6%,
GFLOPs b7t 1 3.3, 3T 3.1%. BESGEEKIR AR mAP 73l # s 1 0.4 1
0.6 X U5 B AR SCHR HH I SR TE H 1) T S5 A5 B 5 LRI RS DU i LB b E A 4k 45
D7 T BB B R, AT BUE H Am kPR e o 38t R S B0HIE B A ST
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PR Sk 00A R, Ui B 7 AN AL ) B M S A ]
R 5-6 JHRLSZLG X EL

Model mAP/% GFLOPs
R YOLOv7 89.9% 105.1
R YOLOv7+EAM 92.7% 107.5
R_YOLOv7+BABFM 92.5% 106.1
Our 93.1% 108.4

5.2.3 JEEIhERE BN 7 A RIXT L S2I8 o A

NSRBI SR S BRI AL, AR R_YOLOVT AyZE#ERR AL,
15 H @B T2, Ll CA. SE. CBAM fRER#E #it EAM FBLEE(T 4] E
B SESE RN 5-7 s . EAM BRGNS BRI ARG , 5
AR BE R TP, EAM BEHAEAERA IR AT SR A 2 A SR A S
palior g

SENet R SV E I TE X S AL B 40 AT, 11 200 17 72 [ XA RO A B 23 A7 o AR S AR
HI EAM A T — AN SRR R IR, AU B TE )R on T 2, 1 HL
Z A AR AT 2 ARV Sy A . CBAM A VI I 3808 v 7 7 BB R 28 () 2
IR, 7 ) A e MR N, ARE AR R, AN 43 ol 7 A a0 A 2 )
TR AR R T 28, (RN 280 7 38030 12 18] 4 A 2 8] (R P R0 1 P o AT 42 HH A
EAM Kl s NS WERE /1, XA R T IRNRHEE A S . CA 2
THAER IEHLE AT 80%, (RIZASHO 2= (38 (5 BAFE R A 4T, ikl
FKFEE e R o A SCIR I EAM AMYUEVE TS & s, i HLAE R

2SR B B AE B A ik {5 J2 A 2 (8] 2 1 HAA B s 1 e 8
* 5-7 AFRNERE VIS EAM X EE

Model mAP/% GFLOPs
R_YOLOv7+EAM 92.5 106.1
R_YOLOvV7+SE 90.2 105.3
R _ YOLOv7+CBAM 91 105.5
R _ YOLOv7+CA 89.1 105.5

NIRRT B IR BAY KA R, A5 LL R YOLOV7HE R 14T
AP R, 7E B @R E B TsLE, DL ECA. SA. CBAM Bith#
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PNV B SRR PHEAT X LU SEse,  SEAR S5 RNk 5-8 Fr.

ECA 8 m] DL 4, (H B2 X SE Wik, RoOGEdiEER /1, 12
&R AR R . SA NENER D), FERR PR RAE R, (HIH g Wi
R WEMEER SIMLHITE ECA F1 SA 2Ll b, XFeTd T HBm G, #2
Tk A (AR R DR . CBAM Y3 5 70y 20 & 18 v ) A (A
JINUH], AR IR 2 B2 (R, A B TR A B AS S . (ERINRCR IS
FAR T ARSI, U I A At 3 77 T LS 4 i ) FH G 1 5 7 (R = AL
i, FERREE B RIA A, CBAM XRHER G B A HREA S, =g
N7 TE R I TE AR A Y fE

% 5-8 ANFENER IS MLNEER X

Model mAP/% GFLOPs
baseline+BA 92.7 107.5
baseline +tECA 90.5 107.5
baseline +SA 91 107.5
baseline +CBAM 91.6 107.7

NIAUEA SR IN T iR R e, 7E B @B 4 b 5E A U745 rotated
reppoints®l, sasm reppoints®’). rotated faster rcnn I rotated atssP®15E ey H brka:
MTTIERIRT L SEs, 25 RN 5-9 Fin. HK 5-9 /A, ARSI TERS T
HRUFHIEE IR, FEFTE 280 th AT 1 AR RS BRI 25 21, H mAP 45 RN 93.1%.
rotated atss il rotated reppoints /28 KM AU L 2 , 0 B4R e i H Fs Bk il 25 R AH
X BUIR, FLBCE WU RFAE SR U 2% 44 B2 A6 45 24032t » sasm reppoints A1 rotated faster renn
W 25 R Y TR AS T B AR N R o 5 FAR T VEAR LG, AR SCTTVE R A B 451 % R 2
A 22 e B DR RS B AR B, 7275 52 2% A AR B AR ) R A

ARSI 0 R . 5T EMALE, Z 5 7ER) mAP BI85 1 7.6%.
* 5-9 Jie¥L 1L mAP XL

Module Plane/% Ship/% mAP/%
rotated reppoints 98 70.1 65.8
sasm reppoints 90.3 73.8 82.1
rotated faster rcnn 99.6 71.4 85.5
rotated atss 98.9 36.7 67.8
our 94.6 91.6 93.1

RBP4 H IR R DT VA e, £ NWPUVHR-10 44 FX T i i) o7
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N YOLOV7 5 YOLO R4 71kt AT beak, % 5-10 JEon T s . &k
5-10 AJF0, ARSCHEH RBES T RO R, mAP N 91.6%, FHHACHEH
7712 1) GFLOPs {8 AH kb T HoAth PUFD BRI /N . YOLOvV6 A1 YOLOV7 W 2% 44

ORI FE,  XHUHA EUE /N B AR RS I 35 R AR X B
% 5-10 YOLO R H LR

module mAP/% GFLOPs
YOLOVS 89.7 108.4
YOLOvV6 74.4 144.4
YOLOV7 88.3 105.3
YOLOVS8 88.4 192.5
our 91.6 108.5

NIAIE BAM BRI R, A5 BL YOLOVT NEEHEREAL, /£ NWPUVHR-10
MRS T Se8, JFLL CA. SE. CBAM MEH i #i EAM AT X L sei,
S SE RN 5-11 R, 51 HHFE NWPUVHR-10 $08545 E 10 AN 3SR kS 2
M 5-11 Fa] LUE ), ASCHE H A3 5 = ) HU FAbE = 1 mAP #06 Fr 1

JF. baseball diamond EU/5 T 96.7% mAP, & T HAthyd: = Jykkidh,
# 5-11 ANENER 1S EAM X

YOLOv7 YOLOV7+EAM YOLOV7+SE YOLOv7+CBAM YOLOv7+CA

airplane 99.5% 99.5% 99.5% 99.5% 99.5%
ship 94.4% 93% 96.5% 95.4% 99.1%
storage tank 96.8% 93.4% 97.5% 97% 97.15
baseball
91.9% 96.7% 94.9% 95.5% 94.9%
diamond
tennis court 89.3% 89.4% 89.5% 89.4% 87.3%
basketball
41.3% 77.8% 51% 59.4% 61.3%
court
ground track
99.5% 99.3% 99.1% 99.5% 99.5%
field
harbor 99.5% 98% 99.5% 99.5% 97.6%
bridge 75.9% 61.8% 66.5% 73.8% 70.2%
vehicle 94.8% 95.8% 94.9% 94.3% 98%
all 88.3% 90.5% 88.9% 90.3% 90.4%

G AE XM B SRR b, A SC L YOLOVTHE & 1 AT RS AL
NEEHERETY, 7E NWPUVHR-10 44 Fidk4rs256, UL ECA. SPA. CBAM #i
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B e X Z M VR IR AT X B SRR, RIS A R AR 5-12 Frow, A AE
NWPUVHR-10 #4545 F 10 NI RAmikE 2. AR 5-12 ] LB H, A3CHR
HH R AR 1V 7 /T4 baseball diamond, basketball court USR5 (6 IS B2, [
o 5 H AR R T D0] EE, AZ O AN IS R RS 2 LU P38, A H A A U

Ko FEARMR I 5
% 5-12 ANAERE 15 BA Xt

YOLOv7 baseline+BA baselinetECA baseline+SPA  baseline+tCBAM

airplane 99.5% 99.5% 99.5% 99.5% 99.5%
ship 94.4% 89.6% 93.8% 95.6% 97.6%
storage tank  96.8% 96.5% 98% 94.4% 98.4%
baseball
91.9% 97.7% 95.7% 94.5% 93.8%
diamond
tennis court 89.3% 89.5% 91.4% 87.2% 88.7%
basketball
41.3% 74.1% 45.6% 68.9% 43%
court
ground
99.5% 99.1% 99.3% 94.9% 98.6%
track field
harbor 99.5% 99.5% 99.5% 98% 99.5%
bridge 75.9% 70.2% 76.4% 77.4% 74.9%
vehicle 94.8% 89.3% 95.5% 90.1% 94,4%
all 88.3% 90.5% 89.5% 90.1% 88.8%

AR P EXTEESRES, UESEASCHR R /15 ik 3 3 b HAb e e H Aris:
ML, ARSOTTERIAG AR RS, UESEA SR 5T 7T i B
Jiete H s eI vk i A st o

5.3 ZEPRPImREIEIT

5.3.1 PyQt5 f&ifv

PyQt5 & Qt5 HEZL Y Python I, Qt 1EAKIJE P #L 1 (Graphical User
Interface, GUDNHREFHESE, St ZRALROHI P Sz AnThae, B Gl x
1% 55 S B R P LT 2 P - Py QtS i Python J & 2 g i 8 bR T QtS 1 GUI
FePERATIE N . B4R 4t Python 2 11, % Qt By C++28%: 464 Python 2,
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] i @ Python FRBVERHE, AT KIAE . PyQtS AMUKZE Qt HIE-F & R,
W TE Windows 1 Linux 25 R4 LT RAEH . EHe A 2 R0 EEH P 5%
T+ LH, 41 Qt Designer, MIM{ET I A& B 5 H I AE, Bt
T2 . 75 PyQtS H, & F A QtXml. QtCore 55, #B M &= i & 1) GUI
R HR A T R SSRF

i LTk, PyQus R —IhAtEE. ST LFHBmKNE, @6 K&,
GUI B AR

5.3.2 B PumiR 5

AATEL PyQtS Bevt i AT BRI H bnAer il i) 2 7 i PR D), R AL
B H H R T AR o B TR BUR B ARAS I 75 v At /s E AREEAT R I 5 A IR
Rl 25 R BEAT 260, 207 s B PE AL R E B 5-3 B .

B PR

B R @%ﬁﬁfm&ﬁ % B RE R

Kl 5-3 % P o AR AL A

% 2 i A 2 R AR HOE SR AL B L E A A IR TR A AR AT g R o)
e o PR BRI R A BB 0 S il R AT AL B B K, Dy H A D AR R S 43t
BN o ARSI SRR [T R A 2 AR B R B F AR, I H A 5
Ko MAZBF NG T —ANEW. s ST &, Jr @R T
H A

WP SR EFEEN, Sk mE S, BAste A e R SRR 5
RURRIEAS 5 R AN 552 4, HER PR AN B3I B, AR R R s
RIS ER A HARR, RIS g . BB OIS 5 iR [m1 45 Anfe AR A,
s AR AR ] QN GRAE R BEAT S0, R 45 A% B2 B A o 5 B S &
B, WO AR A Al R A IR SRR B J 5t o X — IR R4k T 4R, R
i ARSI R

AT 7 A RO HRAE B PR o 1 B AT R R, WlEl 5-4 R, &
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B NPIRER Gy WA BRI B st DA Y v v R el MG B pr 5 v it o AEAR Y
BOHER 7, B et 1A BB B ARSI R BUIRATBRAl, 1E35 1 G i) R 4 A
M BfE, MR/ B b EE R BEAT BRI 25, 153 1 BAMERLR . 7R B
X HELAR AT T U0k, 5] 7 IEREE LR o fE S I BT Ry, HRYE 7R AR
HI PyQts it 1 it B 1 BB AE S, RIS AT RER . BRI A
PR AR AAL S I I ShRE D, SCBLA ) 38 5 o RS 3R AT H A Al R Zh e -

FHm it

l

R T RE BTt

l

Kl 5-4 AR RHHER]

533 ZERIRRERR

P 5-5 Fron e BB/ B RS 2 7 s ) B 00 UL -

conf

040 2 e

latency O enable
g0 .3

O BilRF

result statistics

K 5-5 20 s I 0T
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S T P O S v i B AT LI USRI LA AL AT T REU R
g, ARG MRS G, SRR A ST T VR I GRIF 1) PR £ A5
IR iR Z, WA LT E > S8 E, e AT G ARk
.

Kl 5-6 Jy Bk 45 R DT s, A SCIREL T VisDrone-DET2019 #idfi £ H
PR BEAT RN, R AR SCHR H R TR AR 1Y 5 (0 A 40 BV s I 77 V3R A7 52 565

conf

040 2 B
latency O enable

20 %

O gali#=F

result statistics

Bl 5-6 % 7 ko ) 45 S

54 KENE

AR B AL SR 1A SO 4R TR AT A AU TR PyQts BEiH %
J o AT

BT Ry AR 4 R B N 90 BB B AR AR W T VA . 5B X sk 5e 3A B A
VisDrone-DET2019 ##45 £ HEATHEIA, SR8 )58 v fh s g A L sieds, Bk 1 A
SCR IR SRR BB/ B ARSI AT R o 55 e A SO iR s F I, 2
BEITEMAES] YOLOV3, SKIRsi REH, Bl ERE TIRG i I CR .

BT ER AR B eE B AR ik . B SEImM . B B
NWPUVHR-10 4 AT Tl Z R4, AR5 70 7900 P PR AL s 147 5 b sie i
BHIE A SCIR MVE R IR st . f e il 0 B s s, UEWIASCTVALE e he H br
AN 75 T PR R
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PR P i . BRI T PyQts HESRMIANIR, VEAIIRTT 1 4n{al f& Bz
ZEA TR MR /N AR 2 P s i BE S, 0 R ISR T e AN R R SR A
TTie, JFRA RT3 S .
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FoE RESRE

6.1 E&5

fridn BB N B sl — AN EE H )2 M TT A, KA R S,
HAEEBERME. R, HikmileiE 2k, BT RER. ARREZEZRK. H
PREEGEHES DL S B FR 77 1) 22 R S5 10 1 o % B8 77 VEAE AL R AT MR I R0 HL & v
PEZE, RIS SIS, F VR B o ST kAT H Fn ke AR 4 ROR - (B E RN
K 7y tot  AA PEMGOE H E DAEA: RA R, [RI B, AR SCHE VR 2 > )Rt |
ST R RS, AR T & B Tz s B PRI 5 . AR SR
TARUT

(1) &P fidn B hAE N bR 2, 2 R H AR L7 DL H bR 2 4255 17
R, AR SCHR A — Pl TR S SR AT BB E R T35 o FE T RE SR U 2%
51N CA #5t. Transformer 53t LA K2 SPD-Conv A5 LR /AR £E R AL 45
TEE B R, TR SRHEAS B BIZR I o (R St o 28 ar il o, 380 35 £14) 10X 8% A
Uiy R SE IS 22 RUBE H AR A o S0 iE A SCHR H DT vR IR R e, 23 3R AT 7 3 R i
AT LE SRR, I SEER AR, AR SR H IR T A T B I MR

(2) EEXHAEMG b BAREE T TR, AT 5, I RS A U AR 1 1)
B, ARSCER T RONE R RO B EE B RS RI J7 5 o %07 R T e B
SRR 7%, R KLD ks e 1 AT & A B H AR R IRSE B2, =0 e SLar 2k
B BRH, FERRRTE P N AR IR e R B2 5 923 et T P RIE 7 ML
T, g FOMRFESR I L L Rl (520, T E H AR AR, A%
B B B R I RE

(3) Wit ¥ kI T PyQts 1) H AR 2 J S B A, AR A S A SRR Y
Jrid, IR PR S SEIL T s b HAR A SR . A R G = DR
A MR AR S A B . H bR R SEVE AL HORI P 22 B . UG Hs
IREL S A R 1 2 R B AR i SR MBS B I B o B e S
T IS SR E AR IR A B SRR E AR I SVE B N i T 0] R
HH AR A TORE BT DU, AR Y S i 1 SR e PGB A TR B 43 # 1R5 HE
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bR, 4 AR AT S R . TP SC B IR A T PyQts Bk, B R A& ES T
G RREE, HAA FE WAoo R, A8 ) Re0s 5 B0 A2 i B A
RGt. FHmBit R 7, RO T ERER TR, R R A AT
PRI o AEREY BE, A Y S SE R B E a0 R G AT T IRIE. SRR
W, 2 R GURE A ROt I BRI B AR R, JF B B 1 S PR AT HERf 5
I IXREE T PyQtS (19 H ARA I 2 7 s P, ™ RS A SEBIUN 7 5t v A )
R, OSBRI BRI 1 5 AT T SR

6.2 RE

ASCAE T SR GE A8 1 2 B0 72 7 ) —— H AR Al R B 34T IR (T
7T, JCHAENH BB B AA il s i B R A ERIIOME, Tk RAEFFHIELR
FJ7 T . RO A 1R BRI T AR, (H 52 2 (e PR Se6 26 1 £ L
LA NREFTA IRF R R, P th RV — 2 A e, 7 23— DR A
it

B 5E, AR SO FE IR R ] (2 A B 22 20, b T R g I SRl s (1 Bodle 4
ORI N TARC K5 206 R P 6 B AR EEAT AR - SR 10, £ T SEALALSE W 7
BEAS NIIBRTE S A) REAFAE AR, BEIMTAREE 5 (145 Rt 2 A7 AL 8 3 bR eI 2,
AR AN ERFN 2 ) IE R T — € R o g iX — IR j, 5 S0t 50 m) 25 S8R H
- B B e B A 2 I T A BN R, LD O IR R S BRI 2R 2, §
e R 2R ) R B 1 ARG E 1

HUGEBIRER AL IA 2T B G EGE L MWD, IF HIX SRS
FRINRLEERBRERG FLEAFAEA AL o WSABRER, XF 450 i A 55 H AR it
— By B AFERR) H PR AR R, 1K AR — € R BR A4 BRI B ARkl
R o

R Jr A SRR SR T o BARASSC T IR R HER RIS, (BB AT IR
JEA TR o ARRMEFC AT AR A TR L (AL, MR B R seE A, i
o] IAETE AL BE #5503 6
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IRENEE, VL, &k, 55 BT 80 YOLO & NMS 7K 5 H FRill[a].
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