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Fig.1 Flow chart of dead tree detection technology

1.1 YOLOv4 -tiny &%k

YOLOv4 — tiny' """ [ 48 B 4F YOLOv4 " [ 4% 5L
fill B, ol ] CSPDarknetS3 — tiny %48 1F 4
FTRHESR UM 25240 YOLOV4 554 h Y CSPDark-
net — 53 P45, P25 2K/, HAT S PR A G I 2 T
CSPDarknet53 — tiny 284 B T 5 2% /X 2% vp 1Y) CSP-
Block 5, K Rp iEWES 73 2 ¥y, I 1 i 15 4 %
2GR 2 TGO AR BE BRI RS TE 2 AN ]
(R I 28 A% AL S5 T 6 2 A5 R A DG 25 5
P ve A B 45 1 2 2 BB Sy TR R AE R R 4
YOLOV — tiny B0 FURJH T 1 A5 4 75 25
' IERAR YOLOVA BRI R fE AT R BE . RS X
FERESHR T H bRz I B 3 B2, (H 25 fd AR A1 2 F2 X
AN DT EOR: I E R R T R . BT, YOLOv4 —
tiny 43I 55 2 B AS ] L 451 1) 4k P 000 A 0 4
Ho
1.2 SPP #&Ht

25 [A] 4 F ¥ ith fb ( spatial pyramid pooling,
SPP) ) BB ey R A A4 R AT R A, LAGA
P ERERILRETI R H Y, SPP 4kl fy 3 N HE
R s : OSPP S5 FgREXT AT B R B % A= AR 4 8 K
ANEIET S 5 QAR L T S A 2 AR — A R
J& ,SPP Z5HG REXS g A\ R AE 2> ROE Edttribtk,
XA AL A BT i B R s GSPP 25 A R
I L BB T R RUBE SR A R AE (R T A, L4
W& 2 firoR o ARSCHE SPP E5H A 2] YOLOVA — ti-
ny FERIA ) A T M 4% CSPDarknet53 — Tiny i H DA
JEIA SPP 2544, 12851 3 x 3 BiA

2 BEERTHIH A SPP £
Fig.2 SPP structure with fixed size output

1.3 ELU #i&&EH

TEZ 2 Mg, FEA sl 5 N ET
SV A AR — D AR B R X R BFR
S R %, YOLOv4 — tiny &% A 2% ] LeakyReLU
VE R eR 5, FeeR BERB T
x x=0
oot
L o A BRIRE; o — DR/ NI H 8
M REBF i, 24 « =0 I, LeakyReLU H)F%N
R, BRI B R BE AN 20, RE A% A7 R0 2% i A
JE T A5 TR {H S22« <O I A T Bk, S8k
HARLR AR B DR

PRI, A% 3 3% P B4 Ay LU 300 o 010 8%

LeakyRelLU(x) = {



£ 92 - H % ® W

2023 4§

YOLOv4 — tiny f4% H 1) LeakyReLU pRZH, H pR 52
Bra v /(1

ELU(x) = {x ) x>0 )
ale" =1) x<0

A« AR ERE s o A a] S H, HpE
ELU fEH s ki A0, B (2) REE A i, ELU
1E v <O BHEFE R £, Hoh S 16 A, GE % SE 419
WSt 3 SIS R 4L LeakyReLU 5 ELU A X LE
CEIREE A ), 77 X 8], ELU 5 LeakyReLU
AH EE X M s B 6, WSS B TR

B 3 & E % LeakyReLU 5 ELU Xtk
Fig.3 Comparison between activation

function LeakyReLU and ELU

1.4 EBEAWE ECA

R 28 0 2% FP A 2 LA — R R T 1 4%
PERE 45 W IR 43 i 7 1, HL B B i s 2
g B v B T i) REUA B I DA/ T 4 3 2
TR B R Z B AN S5 ) 5
%, M4 B FRREF1 S50 (HL IRt 23 B R 2515 8.
Su= 101 18 OIS s W Nl vl B S PN IR =P S84 1)
B U I 7 7 WL RE A% L1 I 2% B 56 TR T 2
5 B, B0 T F A BB S, AR o R 4 kg . I
I, AR SCTE 2 YRR S 1 e b SRR S A TE 2 1L
TSR 1 T 038R 0 248 o B A L2 2T L 3R A5 S 4
FAG: T 5 R

ECANet'"™ 2 7 SENet'™ JEali |- #4716 0k, JE
FLARZERGUNE 4 BT 7R , 16 B 4 13 1 15 B0 R i A
FEAE P MR T 2 3 3 1 4 R 2 AL S, ECA S 5
— A REMBAE L 5 1 — A B T2 ST, AR )
AR R 5 kAT SRR A A 8 1 AL
Ho kARE LU AR/, i B 5 1 1
32 HAE P BB 25 0 ] S B R C IR LR & 3R

4 ECA FRHEREHE
Fig.4 ECA attention module structure
a30(3) , FE N b BHBUE, 2300 -

k= p(C) = log,C + b (3)
y odd

Rrhey =2,b=1; CR@l R " .0 W8 ki
AT A, 7 b DO &+ 1,
O e AR RIS R AN 5 s o

5 Mg YOLOV4 —tiny 4544
Fig.5 Improved YOLOV4 tiny structure

2 ZkbaAr

2.1 HERERmLE

A SCAE K g8 PHANTOM4 RTK 4 jiig 32 76 A
HL, RARIL R B X X ILARBI RS SER AR RCB SR (5
Bo AN RATE EE S 80 ~ 120 m, S5 R AL I [A]
BN R 3: 00—5: 00, JCAML ®ATIEE SR 1 90°4H
B ERG 55 E AV 80% o 1 TIEAML
RN JFUR AR BR HA R BESR AR TP X S AR A
PR, ANBE A A M 28 BEAT IG5, IR i 2O 5218
PEAT i 16 e R b B, 3 BRI L 5 A SR AR 114
SR AR HEAR T 913 x 913, B AR R/ 96 dpi,
6 I Ja F o AR KR o



55139

BT, BT YOLOVE — tiny [ J0 AALRZAGORS SEMS ARSI B 12 - 93 .

E6 oGRS
Fig. 6 Partial dataset image

5 36 B 19 5 148 Labellmg 45 {4 7 33 1
REBEAR A FAR , H8 ] PASCAL VOC!'™ 4% 311 XML
SCFRERE . EH T AR OS2 86 45 1A R, 1 B B B g
IR RG5O, O T 3B S B i /3 A 5 7
S P2 e U 5 1), o AR R AT B B o B

BT Rs 3 5tk , 4 Ak 3RS B9S2 UM ABE S
AEBIE BRI T B 7R o AR ILERTG 10 000
SRAG SER A S AR A D it 52, Ferp 8 000 5K 1484
AYIZREEAERUELE 2 000 SKEAZR A A5 o

(a) JRIHR

(b) K& #

(¢) XU

E7 #HiEgE

Fig.7 Data enhancement

2.2 ZWINMEH5EMIERR

AR LS50 di F TensorFlow fEEZE , Python it 4s 2l
3.7,NVIDIA RTX 3080(10 GB) &+, N4732 G, |
IR B2 2] 5450 0. 000 1, BBA 5B SO
SR ] [ 285 22 2] 28, Epoch B8 2 600,

7R 3C S5 56 i FHSF-40K5 FE (average precision, AP)
FNAF RGN AR 1) %0k (frames per second, FPS) £
RPN FEBR ;. AP S54RI 7E B H ARG I oA

— 2 H RIS BE , LR R MER SR — A 1] iy
2% (Precision — Recall ,P — R) K5 ¥ B 19 ¥91H, 1A
o= W /(1

.. Num (TP)
P = 4
rectsion Num(TP) + Num(FP) °’ (4)
AP 2 Precison s
"~ Num( TotalObjects) ’ (5)



- 94 - St

2023 4§

s TP S PRIESRIN N E 2R 8 ; FP oSk
FEHI R 1EZR R s TotalObjects JIE F B 50,
2.3 ZWERSH
2.3.1 REVEZE A AR AR 69 7R

T HCAS IRl T 5 AL o B A P B 1Y) 52
Wi , A S0 3 SHE YOLOV4 — tiny BRI 3 Fifi:
=L, B SENet, CBAM F1 ECANet, 3:-4| 3 3 Fi
W 2 0 s S AT I 2, DI 58 )80 AT T AR AUAEL
X A FEAT A I AN FE , SEge g R AN 1 fs

FR1 AEIEFEAVFEIENEER

Tab.1 Results of different attention mechanisms
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YOLOv4 — tiny( CBAM) 88.04 176. 84
YOLOv4 — tiny( ECANet) 88.65 200.94

MEHREMS A H, A ECA 13 1AL Y
YOLOv4 — tiny 48 HIRIY) AP {H 5 T 05 2 FIiEE )
B | 25F YOLOv4 — tiny (SENet ) 478 0. 96% , /&5
T YOLOv4 — tiny (CBAM) £ 74 0. 61% , 15 51| 88. 65% ,
16 3 A AR B AL AR rh A IO e fd . it
S I ECA 3 I ALHI A BERIAS 2] 1 3 Fpigi Al rp
e e PG B B, 34 51 200. 94 FPS,

RT3 E B T O R AR A g A N AR
AT ARAL X EL 3 AR 7R g A N 2k SR, i 3 s AR
A3 I AR ) AT RN 03k i S A 2 AR n
8 firzs, NIl 8(a)—(c) BEUE A i, B T SENet
1 CBAM (1) YOLOv4 — tiny 5535 25 H 90 U 4 26 9
SEONEF RSO E 8 (d)—(f) R E
th, CBAM B398 25 X6 /Iy B bRl B4 A 38 J TR Ao 5 AL
8(g)—(i)AEWE A i, SENet I T IL XTI A

(a) SENet Kl -1

(b) CBAM 4R -1

(¢) ECANet frill 224t - 1

(d) SENet #4557 -2

(e) CBAM #ll%2R -2

(£) ECANet Fyill %5 5 -2

(g) SENet £illZ R -3

(h) CBAM iz -3

(i) ECANet ¥l 4f# -3

B8 HERSHEIEERXT L

Fig.8 Comparison of partial detection results



55139

BT, BT YOLOVE — tiny [ J0 AALRZAGORS SEMS ARSI B 12 - 95

H 8 A SEARE A AH T 19 0 A 8 DX s A B A, T
S ECANet [ YOLOv4 — tiny S RN IB 27 H &
B BT a0 R R S /N BRSO 1
AE R AR ISR
2.3.2  RRIBE R BT AL h

1 s ELU 30 eR B U 0 72 b e a8 0
TR T BB, TR SEAE RN ZRAOR , ARS8
o3 BIAEREEY i ] LeakyReLU F1 ELU 9 {17 o5
BTN P (o] — A R AT 000, 2 A B ok
BOXF HE AN 2 FiR o

R2 ARMIETEHT

Tab.2 Comparison of different activation functions

O R AP/ % FPS
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Tab.3 Comparison of test results of 2 models
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Tab.4 Comparison of four models for

different image detection results (%)
R YOLOv4 SSD YOLOv4 - tiny AR
HH 22 85.50 86.56 83.55 93.16

TR 88. 80 95.91 86.23 94.32
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Tab.5 The results of the 4 models were compared

i AP/ % FPS
YOLOv4 82.71 47.45
SSD 80.68 110.37
YOLOV4 — tiny 83.67 196.22
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A 93.25 182.63
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2 90.36 170.23
4 92.65 175.29
8 92.33 177.46
16 93.25 182.63
32 93.36 174.38
64 91.80 178.73

MEHREBE ), 2 Batch Size 2 2 I, YIIZRAL
W25 RS 90.36% 1 AP {H, AT fig & f T Batch
Size V& B it /INVas AR RS SRS, 3 350U Gl SR A
2% T4 Batch Size 3 64 B, VIl 25 45 5% [5) A 3 A B
R AP {EAH 91. 80% , W] figJ& i T Batch Size % &
BRI OB AT A RE T B[R] I3 25 3 BN A7
AN 24 Batch Size Sy 4 1 8 I, Kl 45 F 458 0 —
1%, AP {H 595 92. 65% F1192.33% ; >4 Batch Size
16 B YIZREE 35 el 1) 32 #H22 T8 L, AP {H g
%345 93.25% ; 4 Batch Size b 32 B, 15 3] 50
ROR AT, AP {H S =, I8 21 93. 36% , 43 5] 51 t Batch
Size J7 4,8 F116 Affi 0.71% ,1.03% F10.11% .

2) A [m) B A B i X AR RS BE s e, Sl T
B0 UE AN [) 2 50t Xl A TR A 000 K 8 190 53 i), A SCEUCH
LA 1000 FRFZAG R FLml, BERIG N 1 000 5K G AE
SR AR S s ABS B R T Y 25, 2y 8 kit
ATacss, SR AE KRR 7 R,

*®7 TEHEHIBELL

Tab.7 Comparison of different data sets

B AP/ % FPS

1 000 75.65 177.40
2 000 78.08 164.18
3 000 82.60 175.40
4 000 84.42 174.73
5 000 86.59 174.26
6 000 89.21 175.12
7 000 91.98 175.39
8 000 93.36 174.38
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A dead tree detection algorithm based on improved
YOLOV4 - tiny for UAV images

JIN Yuanhang, XU Maolin, ZHENG Jiayuan
(School of Civil Engineering, Liaoning University of Science and Technology, Anshan 114051, China)

Abstract; The current dead tree detection primarily relies on manual field surveys and, thus, is limited by forest
topography, suffers a low detection efficiency, and is dangerous. Given these problems, this study proposed a
YOLOv4 — tiny dead tree detection algorithm based on the attention mechanism and spatial pyramid pooling ( SPP)
and improved the original detection model. First, the SPP structure was introduced after the Backbone part of the
model to combine local and global features and enrich the feature representation capability of the model. Then, the
original activation function LeakyReLU in the model was replaced with ELU, which made the activation function
saturate unilaterally, thus improving the convergence and robustness of the model. Finally, the attention mechanism
ECANet was introduced into the model to enhance the capacity of the network to learn important information in
images, thus improving the performance of the network. The images of trees in a mountain forest of a scenic area in
southern Liaoning were collected using an unmanned aerial vehicle (UAV). Then, dead trees in these images were
detected using different models. The detection results show that the improved algorithm had a detection accuracy of
93.25% , which was improved by 9. 58% , 12.57% , 10.54% , and 4. 87% than that of the YOLOv4 - tiny,
YOLOv4, and SSD algorithms and an algorithm stated in literature [ 8 ], respectively, and achieved the effective
detection of dead trees.

Keywords: dead tree; YOLOv4 —tiny; attention mechanism; SPP; ELU activation function
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