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Small object detection algorithm of UAYV for visible light
images based on YOLO-SCAT
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(1. School of Artificial Intelligence, Hebei University of Technology, Tianjin 300401, China; 2. College of
Electronic Science, National University of Defense Technology, Changsha 410073, China;
3. Tianjin Institute of Advanced Technology, Tianjin 300459, China)

Abstract: The frequent illegal use of civilian low-altitude small unmanned aerial vehicles (UAV) poses a
serious threat to the harmonious development of the country and society. In response to the problems of missed
detection, false detection, and low detection accuracy in small target detection of UAV based on visible light, a
YOLO-SCConv ATT (YOLO-SCAT) algorithm model was proposed to reconstruct the ELAN (efficient layer
aggregation networks) structure and reduce redundant spatial and channel features. At the same time, the
attention mechanism CBAM (convolutional block attention module) was introduced to enhance feature
extraction in spatial and channel dimensions during training, thereby improving the average detection accuracy
of the model. The experimental results show that the accuracy, recall, F; score, mAP@0.5 and mAP@0.5:0.95
can reach 94.4%, 94.4%, 94.4%, 94.7% and 52.9%, respectively, which proves that the YOLO-SCAT model
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improves the detection and recognition ability of small targets in complex visible light scenes, and can better

meet the practical needs of anti-drone systems.

Key words: UAV detection; small target detection; visible light images; YOLOvV7
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/N R TE A HLRE ™ 2 0 T AT 4
PAEY AR MG | 2R BT 5, (H A ok — &R 51 )
B, AR TTANLE R Z 2R RET, £
Hh e HE R TR AL A, TE A HLRS AR I F 5 A
o EN AR AR T T A B A e AL I
ARTF-Bor AR ARI T {55 Wil | St R
BRI P DT A, b Ot e RO AL AR £ AU
AR DG, Tz b T fh s B APLR G,
Horp 2 AU B A AR B R, B 32 31— IR
i, AT WS TRUNBE  AR R, 7 5 B

& 52 T NALKG I J5 238 R T F Tk
PEIBURFE FAZ GEAL A% 7 > 1 7™, E Y ¥t i
— RS IN JT vE, O A S s s E BRI, TR
AT BRI 1 25 P SR (spectral residual ) 59 F
3RS AR BT — R 7 18] A R 5 ]
FRAE$R BT 20, IR 456 SR ) 5 B A3 2K A8 1Y 33 1
XFTE AL B ARBEAT R . 4% 58 T AL DI 3Rk 7E
P35 T W AR E P22, g Rl TR R ER
DU E A 0 PP O, A 8CR KATHrdn, 25 5 i
PR AE LG o BE A TR 2 2] BOR PR & i, ik
TRBE 7 ) 1 H bR A I 5k i BIF ST R B
S NV BT YOLOV3S & ™ #E47 I8 AHLSE 2 400,
oS/ R Il SR ¥ WA R A =S O D
PID(proportion-integral-differential) 5 7% ¥ 77 £ 15 3k
HhC 31 T8 B TE A HIL, S8 3 22 518 S B s S bR
A, INITTERTE AL SR e IaE AP 2E T YOL-
OX-S"" H b A I 3 , B3t 1 3 0 4 (8] 13 18 ol
AL, S 4 R I )2 AT R RN R )2 T SCRRE
il 5 ORI 5 5 A 37 50T O T AL A6 DN
AR TR 2 2] 1Y H AR AG DU 55 A T A HLAS
GUSIRAT T B ROR, (B2l T2 237 = 5
W), ATSAFAE T YRS BE AN 1 L T A R A ™ i S5 (] L

BT A5 B I AHLRS AT & — > B Bk
PR TR, AR AE R ME R — 2 T AL R
SR /N OUHRIE BN ) , Bk = R 88 1Y K0 4y
ks — A AT Sl 23 6 o A ML I 3 ol 5 R
T BX T BN B A5 5 52 52 4 5 R U
M), 717 8 B TC A AL A | 5 G - 2475 B8 AN v 1 )
1, A SCLL YOLOVT 836 M 45 S Al 0L 56 T8 AL/

B b A 0 i) 35 oE 9 2%, 5] A SCConv 45 AR #E4T
ELAN( efficient layer aggregation networks) % £t
Fa, 38 2o ek 2 2 FRp 22 ) 2% TP R AIE 22 [B] A9 25 (R
T IETOAY, DT R AR 70 S 85 i, B8 v 5 2R X R AT
I BEICAE 7, W1 55 X5 TOARRRAE 9 06 1, FRIHR R
Z% BE . [A] B 5] A CBAM(convolutional block atten-
tion module) 73 & 3 AL ", 38 1 Bl 2 JE o R 2% o
A T) 72 [R5z R 0 48 B A RH R AR, 4 i 0 2%
B RRE $EHUAE 71 o B SCConv 5B 5E 5 il /1> 2= (1]
FLE B TR IR R 5 CBAM [ & AL 7 25
(1) 7RI 368 T 24 B 5 /N H AR RRAE 2 2T 00 R R A BLAS
Al ok, I8 UE B ¥ S5 9 YOLO-SCAT( YOLO-
SCConv ATT) M 44 A 2 i 1 X0 = A% 7 5 1 ml WL
ST AN BARRIE I GE ) .

1 WNEZE
1.1 YOLO-SCAT W& 1%

FIBR G 19 285 Y OLO 3 # % JH A% 48 CNN(con-
volutional neural networks) 2844, H:H 3x3 B2
TRV S HOR T B KR4y, 15 5846 BUE Fk
A E 5L, GBI ATUARFFHE, Bt 15 8 5 B 2
PEWOCARFRAE &, AT LAHE 5 5 ARk D ) 26 XF J6
AHL/N B b B FFESRIBE ) . 4% YOLOVT M 4%
T RUR HE S RS54, 51 A SCConv HEA TR
FAL, DI 7853 & #5 SCConv A5 4 ]y /125 [i] 713
TH AE B TUARRHE R

WA 1 FF7R, YOLO-SCAT W £ 455 4 H iy A it
(input) . F= T H#AE 4 HU X 25 (backbone) . 01 S ) 2%
(neck) FAE I 3k (head) 4 A~ 38 43 ¥4 AL o 5L 4R 1)
ELAN A& e A1) 73 3086 B2 i 8 AR, i g 21
2, A T AR EE B R IE SR U B e A RR
I BB 215 2 PR I 2% TR B 1 g I 2R i R 42, 5
XA R TRFAE Z 8] 1Y 25 (8] R JE TC4Y . ELAN-
SC #i 5| A 7S ] F13 1 5 i 45 BRI ( spatial and
channel reconstruction convolution,SCConv), i i3 i
/b3 () FIE S R TUARY , BRI 5 AS, 4 5 A A
MRFIEAR B2 2 HB 7 o 7E £ T HRRIEH2 HUR) 2% oty
5 JA — > ELAN BB 0 ELAN-SC B, i i
Xy ARRAE R AT 20 F Rl AL b A B SR
W 28 (1) TOAR FRAE, 456 7F ELAN-SC B8R 5 T 5] A
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CBAM VE & H AL, A F) T4 AL 7E 25 [8] Flid 18 4k
B v 2 2F > H AR 1E . MPC(max pooling convol-
ution) A& B T8 1o d5e R AL T SR AR M BRBR AL
WS T2, B BRI R AE 5 R AT P I AR AL
T J2 2 WO e AE AR PF 42, F W B2 B Y R AR AR
K o SPPCSPC & e | 2 A FH 2 (7] 45 - 35 1t A 45 14
(spatial pyramid pooling, SPP) ¥E 17 2t ¥k, i i A JiE
I B8 F SRR AT 8 TR T AR SR, DA 19X 2% A5 A4

Input

CBS CBS @BS = (@6av BN SILU
1,1 (3,1 32)
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7 2 SRR 43 R AR AR, T S 4Ok 3 X,
X AF B TR /N B bR, W45 082 B B
AR A3 FE R AR AE B TR K H AR, Sl At I
15533, BRAZ KNG 3R 5x5. 9x9, 13x13 (1) 8%
R 3 O[] KRB B A7 B 1 R AR, iF— 28 S %
AFHEHATPHERL S, FEIHMEGEE . a0 &S
AL 4548 Repeonv!™, A6 Sk iy H I 265 A5 764 1 751 )
ShE (TR, BUNAE A EFEEE) .

|’i—> cBS (@89 cBs @88 ELAN —»MP ELAN T>MP ELAN > MP ELANSC SPPCSPC B Concat ELAN-H—»RepConv-»M—bl’
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CBSw ELAN-H——————— RepConv »@—».’

CBS

MP MP =
(c—2c¢) (c—c)
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C
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cl2

CBS Maxpool_3 ﬂ
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L
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1 YOLO-SCAT E k1% E
Fig. 1 Diagram of YOLO-SCAT algorithm model

1.2 ZEMBEEEESRER

SCConv(spatial and channel reconstruction convo-
lution) & H1 %5 [A] 5 14 5158 (SRU) il 1 = 14 §1.5T
(CRU) MY o SRU FI FHALEE 73 8 TUA FRAE - ik
Fr el LIS =S (R 4EBE b i T04r, JF RS sRRRIE 1Y
RAEBES o CRU WIS 7081 | 72 4 AR5 SR, LA
ol /0 308 I A B R TUAY [ B R AR T B3 1 AR 0 At
2k . SCConv ¥ SRU Ml CRU %0 /¥ 41 4, v] LA
B AU 2 AN ] T 45 b 32 T R A 52 IR 2%
TR AR B A, B AR BT ARG AT 55 |
IPERE . 4 SCConv 1 Hrit A BN [R] 4E 44, fiE
A RO R RFE TUAY, WD R S5, IR TR
fERIRBET]
121 =REMHELT

WP 2 R, 25 B EAL B (SRU) 324 73 85 I
HIGPI T o B H B2 05 B W i RE

L5 3 (8] AR I 45 B B YRR P X0 T . )
FHEHIH—4k (GN) 2 9 L 451 A -SK PPAG AN R R4
SEUIEFSYRES

1) 2 SC—A i [A] FRAE B X € RV O
N AR, C hidiE, H F w s (8] BE A8 2, il
1o 9825 P wOF B LA BR HE 22 o SR bn AL i A 4R
fiE X, an=X (1)

X -
Xoul = GN (X) = ’y #

ol+e
Ao wfl o 2 X I FAR UE 225 & 2 ] TR IIERR
SEVERHEG y A g AT S HUE &

2) FIH GNJZ iy ol Yl 2k 40y € ROk &
BEAMRHEE RS R R T 2. YIIRBRZ
] 1 A2 4k, y O, ARRAR AL A BUR, 23 H] {5 2
FE . H—AHSEAUE W, € REF /R A A F#HF e 55f
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Spatial reconstruction unit
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N
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B2 SRU ETIEEE
Fig.2 Diagram of SRU unit model
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1 Vi

3) Bt 22 W, H T INA AT R S 0 A (G
1t Sigmoid pRH L5 3] (0,1) 5 I, FF-38 1 1) 1B PR Ak
PEATALPE . A B(EAE 0.5 L LR BEE M 1, 15
FE BALE W, ¥ B EAE 0.5 LU MAE R E N
0, 13BN HEAR BAE W, o R IBCRLER 19 %> i A vl 4n
H(3):

W = Gate (Sigmoid (W, (GN (X)))) (3)

4) Fh AR X 53 53 L Wy B, 153 3
AMBUREE: {5 B & FEE X AfE B 2Ry .

5) A A B TUAY, AR BF S B FRE
55 BB YRR R I 28 LE M is 5, SR e fEn
KRG B WA A 6] (9 15 B RRAE 25 & 82k, i Rk
Z B A B, d5c ) 28 SCEE AR IR RRAE X R X R AT
Pz, 15 3 25 [0S 40 F7AF W5 X o J R RRAE ) 7
n=(4):

X =W, X

Xy =W,®X

Xy Xy, = X" (4)

Xy ®Xy, = X"

X uXx = xv
K @ WIC R @ HITRMIE; UNRIFE.
¥ SRU N T ) g AHRAE XI5, 15 BRRE 515
SEUD I REE 5 B, X BE T E Y, SR AR MR
fiE, 0 25 T4k B2 B B TUARFRE
122 @i#EEMHET

WE 3 Frw, i T 08/ 3 18 4 B U AR FR AR, il
18 A 500 (CRU) 2R T 43 51 -8 4 -l 5 SR W
FESr BB B, X 45 5 10 23 DR 4R IR X € RO,
P45 AE 3 T 4 H) R oC T8 AN (1-0)C 38 38 B 43,

W’y:{wi}: 9l.sj=1929“"c (2)

Horfra MBI, A F 0% 1 0, BlJE A 1x1
B UG R AIE W I 1 38 T8 R AT AR, DARR TR
R 5| ARG L ofe R KR A S TE R, T
CRU (W15 BAR, 7650 EVR R 456 J5 , 25 RV 4045 fF
RNV T Xy TN Xy, PIHRST o TEAZHR I B X, VRN
“CERERERRE, i/ g s s (R
GWC #l PWC) # H i G AR R M 15 B, B AR
kx<k BRIBILSEORIT S . 78 X, DIRAT bk
1) GWC F1 1x1 () PWC #A4F, 2k iR 2 M R A1k ke
B V1o Xiow BN F & FRAEFLHCER A 72, 5 1x1
19 PWC #24E A8 B A 1 )2 Beut 40 19 00 e A1 e S
Yy, B0J Rl B BEOR FH 4 JRy S 24 b Ak ki et 3 3
Gt RS R EE R, A AN

1 H W

S .. =Pooling(Y,,) =

Hx

=
g

B BN 2R E R IR S S, &, A E
TEAE R T, A BURRAE 5 20 ) it B, B, € R, TAK
(6) FFiR:

e e

ﬂl:exl+852’ﬂz:exl+ex2’ﬂl+ﬂ2:1 (6)

FIHARAAE B M i, o ERRIE S T AR RS

TE 7 1 AT A O, 459 2158 8 41 AL RHE Y
Y=BY +B.Y, (7)

1.3 EEHEHR
1.3.1 @i EF A3 ( channel attention module,
CAM )

sl 4 s, 38 18 3 2 B (channel attention
module, CAM ) il 13 - 34 th Ak Fil e L AL B VR X 4
fIE B 23 (45 BT R G, A5 2723t A AR A ) i

s1 52
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Channel reconstruction unit
|
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feature X" ¥ s, lPooling m?
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! —|PWC
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Split Transform
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Fig.3 Diagram of CRU unit model

e R AR AE 1] 4 o 3 2 />l Ak R i A A 2]
F1 22 2 BRI s (MILP ) il — 1 5522 2R 114 3 =2
4o FEIZILTERGE R oK R A 8 3 T 4
KRB Uy, P4 K 1] B e 38 40, f5e i i 2o o6 2R A
Jr A E I AR . BRI RS R A (8)
M, (F) = (MLP (AvgPool (F)) +

MLP (MaxPool (F))) =

<W1 (W()( avg)) + Wl (WO (F;:nax))) ( 8 )
Channel attention module
MaxPool
g

DO~ [
AvgPool -~ Channel

y attention

Shared MLP

Input feature <

B4 CAM EHREIE
Fig.4 Diagram of CAM module model

A H o83 Sigmoid p& L, B AL RRAE 0] & 4L =
MLP HYA W, € RS, W, € Rl
132 ZTHEZEHER

W& 5 f 7, 23 18] 1 2 /7 4 e (spatial attention
module, SAM) 1 56 b X 4 A e AR FE 471 35 3t A6 0
F5e Kt A Ak B 4t A R A A5 31 1) SRR A 1] 7E i T
HeREIEAT PR IS, AR SR IR, S 2t
FRUZ Az Bl s 0] 1 3 1R, 322 P v 2 ) A7 8 e i ) 2
FEVEAT T i . 38k A b AL B R 3R A AR
Pl ) 30 3 1 B, A B 7S B 3 T 14 SF Yt Ak R AE
i RO RRAE o SRS, B P FRAE B AT P 2
Je 3 i AR S BUZ AT B R, A R s [
T BARE T R T
M,(F) =0'( 7 ([AvgPool (F) ; MaxPool (F)] )) =

o (7 ([P Foal)) (9)

Spatial attention module
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%ﬁ o — H

Channel- reﬁned [MaxPool, AvgPool] Spatlal attention
feature F”

5 SAM RHRIZEIE
Fig. 5 Diagram of SAM module model

1.3.3 CBAM =& /1 #Lh)

& 6 fir s, CBAM {1 & J1 L 45/ T CAM
1 SAM 1 i, T IAGH B AFREE . B[]
AR FH 42 Jmy 1 24 th £k 1 42 JR) i R b Ak 5 i, AR AR
B AW SR ARIE . CBAM B P 378 T IR i
A3 T 5 [RS4SR [R) 4 B AL
X T8 T, RS e K A R A 4
ACFEAE, 1 5 B4 8 B AR R GA . X TS Al
B, B A A R R Ak R A 34 3 Ak AR AR
AT PR AL P, S BR 2 B (5 S . CBAM
3 2 5 R A BOREAE 5 40 ) TSR B T S B
LRI A o] | 4R i PR T RAERE ) o X A
) 4% 5 8 SN R 3, R 8 T A bl 3 N A [ A R i
I3 A AT 55 .
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attention
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Spatial
attention
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Refined
feature

Input
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6 CBAM #ERIEE [
Fig. 6 Diagram of CBAM module model
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83 /30 Hz. AUBH JE AHLRP S 60 & 76 01 X1S B
AL, K5 MINI3 Pro, 3 /50€3 AL, R
SATER. 2. F0, RTINS Rk
SEAIRER T A TAR AR, X 12 B BB 2 kAT
SR R, I 5 B 205 557 A0 K e A MR AT LR
S R, 1533 500 5KAL S — D EEZ A A i R
FETE AL/ B 5 B9 R, 8 ] labeling #4754 4
RBRTE, 1813 9 5 Python F2 /785 Fir A i ik H A9 18
T BRYINZREE L MHUAR | B0 0E4R 8+ 1« 1 Ay Lo ik
1730143, S 2455 400 RN ZREE B R 50 sKETE4E
Bl R 50 sk o
2.2 KIEAIERR
A SC LIRSl (Precision, P), f [1]3% (Recall, R),
Fy 7788 (F\-Score, F)), “F-¥JKi & (average precision,
Pup), YIMH F ¥ 45 £ mAP(mean average precision,
Proap) VERPEARBE AR bR . 005 R F o)
QiR RN il )
Nrp
- Nrp + Npp
R — NTP
Nrp + Nex
Fi = 2XPxR
P+R
s Npp FR 735 TOIN Sy TF FE AR 19 1 55 1F A AR 4 i
Nep 2275 TN Ry TEFEAS 1) LS8 SRR A B3 5 Ny R
7N TN Ry S AEAS (1 IEFEAS B
AP Fl mAP FIR FLAN R 42388 2 ) i o7 1
KB, BT A SCHIESE B Aa i B A R B — 2801, AP

(10)

(11)

(12)

A mAP TEBUE AR X AR, 525578 H mAP@O0.5
1l mAP@0.5:0.95 VE A PEAG T8 b, 43 51| 7R HSLHE
55T AE 32 9F L (I0U) BI{E h 0.5 B 9 mAP {i Al
FEATE 32 B E (AL 0.5 21 0.95, 25K 0.05)
EREE mAP, AR

PApzf;P(R)dR (13)
1 C
Pusr = & Zl Pay, (14)
l 0.95
mAP@0.5:0.95= 5 IO;)-SPW\FM (15)

K PRIRREIR R Fom 13 3% C R Bk
TEEL; Pap; R85 i JE HAR AP fH; Poapy, 78 /8 %
ZE I LSBT 7Y mAP {8 .
23 LERERSHIEE

A SZ 6 i FH Ubuntu 18.04 4527 £ 48 i IR 55 2%
-4, #5%% Intel Xeon Gold 5120 CPU @ 2.2 GHz Fl
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Ptk BE, Bk ¥ 5 A9 YOLO-SC., YOLO-AT, YO-
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Table 1 Comparison of overall performance between YOLO-SC, YOLO-AT, YOLO-SCAT and YOLOV7 on unmanned aerial

vehicle datasets

Model Pl% RI% mAP@0.5/% mAP@0.5:0.95/% Fi/% FPS Gflops
YOLOV7 93.9 86.1 90.4 50.2 89.8 80.6 103.2
YOLO-SC 95.4 86.1 922 51.0 90.5 71.5 103.1

YOLO-AT(CBAM) 93.8 88.9 93.1 51.6 91.3 80.0 105.3
YOLO-SCAT 94.4 94.4 94.7 529 94.4 76.9 103.8

® 1R T 78 UAV B 46 1 i 92 56 &5
YOLOv7 B i il i H bR kPR RE . kot Je /Y

YOLO-SCAT 7£ Al Wy 44 %6 A ML/ H b5 )
K g vk — A TF . YOLO-SC & YOLOv7 5]
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Fig. 7 Schematic diagram of ELAN module improvement
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Table2 Comparative experimental results of ELAN module improvement

Backbone P/% RI% mAP@0.5/% mAP@0.5:0.95/% Fi/% FPS
YOLOvV7 93.9 86.1 90.4 50.2 89.8 80.6
a 92.6 87.5 90.7 46.4 90.0 79.4
b 92.6 87.4 91.3 47.8 89.9 78.7
c 96.9 87.4 90.9 49.8 94.1 78.1
d 95.4 86.1 92.2 51.0 90.5 71.5
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Table 3 Introduction of attention mechanism experiment in

original YOLOV7 %
Attention P R mAP@0.5
Original 93.9 86.1 90.4
SE 92.9 90.3 93.0
ECA 85.7 91.7 92.4
EMA 91.8 93.0 93.0
CBAM 93.8 88.9 93.1

KBRS A E 1 HLE CBAM #E UAV H iR
B A L AR DU M BE A 4 T, F YOLO-SC 5 ik 8
IR, % CBAM 5 SE, ECA, EMA 1 % J1 WLl #F
FXF HLSE G, SC S5 R L3 4.

R4 FEANBXLIEER

Table 4 Comparative experimental results of attention mechanism o,
Attention P R mAP@0.5 mAP@0.5:0.95 F
SE 90.7 94.4 93.6 513 92.5
ECA 94.4 94.4 94.5 50.2 94.4
EMA 91.2 81.6 91.2 47.8 86.1
CBAM 94.4 94.4 94.7 52.9 94.4
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Fig. 8 Diagrams of algorithm detection results
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Table 5 YOLO-SCAT generalization validation experiment

Model P/%  RI% mAP@0.5/% F/% FPS
YOLOV7 923 727 90.9 81.3 80.6
YOLO-SCAT 939 939 95.0 939 769

3 5 7R, YOLO-SCAT ZEAHE IR 4 ARD-

MAV AR AR 55, K% . A 1% mAP@O0.5
M F 4y 80 LY F R M YOLOVT, 4 Sl g T+ T
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SRR IOGTE AN B AR AR 55 .
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o, AR IE — 2, BR Faster-RCNN A9 batc-
hsize & & N 6, H 4% W 4544 batchsize 48 — WK & A
12, epoch % & A 300 % .
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Table 6 Comparative experimental results of YOLO-SCAT and mainstream target detection algorithms

Model P/% R/% mAP@0.5/% F/% FPS
Faster-RCNN 28.8 73.9 54.4 41.0 18.2
SSD 86.9 67.8 70.8 76.1 43.8
YOLOX 86.7 66.1 70.9 75.0 40.7
YOLOVS 84.0 86.4 86.1 85.1 40.0
YOLOvV7 93.9 86.1 90.4 89.8 80.6
Ours 94.4 94.4 94.7 94.4 76.9
4 Z5ig PR AR, B TE AL BB R B BUCR, R

AR SCER XM A AT IE AL B AR ] WG K
I 75 5 A7 AE IR A I B0 7 B0RG AN 8 | 1R L T
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FETE T W 28 AR (1 S YRS B2, e S S 9 45 SRR B,
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