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Unmanned aerial vehicle image data-driven detection of lettuce plant height
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Abstract; The study and application of high-throughput plant height data acquisition technology for lettuce crops are
limited. A lettuce plant height detection method based on deep learning and drone oblique photography is proposed to
address this. Firstly, oblique photography by drone is used to obtain high-throughput plant height data, and a 3D
model of plants within the region is generated to extract elevation information. Then, an improved YOLOv5 algorithm
with a CBAM attention mechanism embedded in the C3 module ol the backbone network is proposed. This algorithm is
designed to reduce shallow noise information, enhance the detection capability of small and dense targets, and achieve
target detection of plants in the region. This will result in estimated plant heights for each plant. The experimental
results show that the CBAM-YOLQOv5 model significantly improves the recognition effect, increasing the AP value for
lettuce crop recognition to 96.19%. Compared with the original YOLOv5 model, the AP value of our model has
increased by 1.5%. The plant target detection has a high correlation between the estimated values calculated [rom the
3D model and the measured values, with a linear slope of 0. 991 1 and R*-value of 0. 931 1, achieving the detection of
high-throughput plant height data for lettuce crops.
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T #H XK

FEFNHEAR A PRk = 2 400 2 B2 43 BT /T LA B00E 1 AR
WE TR, &Y AR EREMEY &, BT,
2RI BT T AR IR ) e A 2 R A
RERA  MAFHBEVEZHHO6EHOERER . &k
AR #E L PR R B #E H R L T 56 (RGB color mode,
RGB) B % . L6 AR Far Sh A% . X 8 07 3k nf L AR )
OB WA AR Yy e R AN B G JE AN 2R B B A AR 4 A
FREE . FITIX 2B B AT B R AR WA B Bt
B ORI NS ERt A, MR, BT HLAS A T A
Yrkk e e 5 T R ILE 8 A/ M4 w™ L E kN
INE SRR R DL EE TR E I mE RS
BARREB AWM AR, EEE, X EE
BEIR R BRI B TAEC AR ETT R . A5 /ey
LY SRR B Bk = B R 4R B R 5 R
M S S EREY RSB LR E R A
ARLAR X e AR MR 0 3 A Al B R P8 5 38 15 0 VR 9 1) b i
R R B AR E S, T B AR .

Fif o v T A A R A R B8 I I R ARL A e R R
P B B, FRATTIE 3 1) BE R A L 4 VT B4 R A O i
KEGEF R B EME BB A8, Ak, &
SCRF VR I MA AN AR B EE .2
R 55 T8 A ok v B R B AT Mg e W] T T
AL 2 P AR AR PR 4 1 5% b Bl & 55 15 TR A 0 K T e AR
TR A T T Y BB A, fE G IER b WA A
TR AR R R R A IS R I R R R AR, AT
HE B AL B BB 1 E AR B AR SR 5
Bl B AR S

1 RS

1.1 SRS

ST 2022 9~11 AEsHARWNT ERX =6
T B I — B A 3R RO 3 (24, 50°N, 102, 50°E) #47, J&@
T A 2 KU IR S % IR R AT K R AR AR
SR, B, 2 X I8 1O AR X T S E L A R T A
MUTEZ X AT R AR R E 50, K1 R,
g BRI G FAR 0 HR R iR 4%
1.2 BRI EE

BE B Z MR WU AR A S E
BRSNS S BRI E ) A TR AR . A
MR BWMREEET AW B XA KE
PHANTOM 4 PRO JTC A ML R LT WG EEE, B &F
AR EN 2 000 AL, A 9 mm, KPR N
5 472X3 956, SB— W B A SEAG TN Bl AR SR AR WY B Ll
WETLTANYEBRESE REERMYITHEESESHT
DIAREUS LA Y RGB A HLECE . #0038 A AL
FUREBEN 0%, EMLREIGEZEN 8%, CLITH
B 5 m, REEHEES Jy 0. 68 cm/pixels; 5 B A e
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PR R B B, JE AWML 58 RAT RS, T ADLHE R
RGB MM ARG “ATH E IR E N 5.6.7 m, RITHIRXIEE R
MRS ERSE, LRI R E o B A O O 2R G, 2 AR
5 m AT IR SR  FE N W Y BR B 1 BE IR R R A A
LA — 737, —78°, —80°, M &8 KATHE N 0.4 m/s,
RGB AL & A 4FEIFE 2 s IR MG RATH RS, 7R 2%
HSUOE B 8 m (I Sy — 90 FHR IE 545 .

T H R R M ERCR AR R SR = Z P
S, AT RTE P4 B JC RS B AT R . XA BB
B HE A 2% A% AT S MR A B AL B R A A . 7R AT
124 Z B . SE B CAT R B9 4% AR, i B S 50 AT
Heek . RGBMHBIRE R A ol 20, DL 5 AR S 54
TR R T B AT LR 200 TRIE . BRI LLSE i
SRR KRB M S B R A A AR P AR SR R R R
L5 & T AR AR R AT S5 TR E i T
1.3 #HE\HRIFS5EE

A B 58 2k W Labellmg T. H 3 47 5 i, #% 8 Pascal
VOC ™ ¥4 4% 20, XA AT 45 79 3 600 E JC A ML RBG &
b 1 A SEAE SR AT IR 18 BRI AR 4 R “lettuce” , T AR 1
IF (5 TEAE 2 1k X L 19 xml SO %S0 R4 IR I 1%
B AR AL SR AR K AR AR B AR S, IR0 43 B SR A S E 4 A
WA, Kb il gk i 80%, IR APt 4E 1 10% % K
F T BARR AT A DI 25 V363 A RAT 45

Hal, BREHERES W HENEREGEE &R
TR RIS I R E TR ENHAL,
BEAER R PERER E A F R EWEAR IS T E . TR
5 e AR R AN ML) — k. BT CurMix %
5 38 58 1) Mosaic 2 —T3 KB AR, B 4 Sk EG BH
— BRI ER . X B T AR I Ak Ay
TR IFEEM B R PRE A 4 kBB
Bt . Mosaic BUHE S SR A HLARRRE A« D EEE 4 IR 2
Syt 4 SR BT B AR R AR IR R IR 4 A
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ARWEFT LA AW A 5 — 25 R TC AU 8 0 B
e B = YRR T A5 B 22 A R K R A B B
FTE LAY DL R RS AR 5 0 I EE R YOLOVS
(you only look once) H 4745 A5 78 465 ) 2505 1F 5 52 18 1Y
A2 B bR XA 3 B AR O A B AT R AL T G S
B P s E 5 A R B R TR R AT R L AR B
WA AN E S LSRG R B EFE.
2.1 ZHHIBRHER

i ContexCapture B4 3 4b PTG A ML A 7 4 3% RGB
E% A B = 4k 5~ U F LA (Digital surface model,
DSM) 1% 5% 1F 51 8 12 (Digital orthomosaic map, DOM),
B A AR WA 3 FFoR 4 F 45 0 — Pl 5 1 oy A9 A2 3
Bl 8 A ContexCapture #44, 7l L 3 3 S BUR 19 £ 45
BELER AR SIESEER . RERAE X, KE
WA BN ES%, R TEA G R ESERETA,
387 =B R B B W I A = AE AL, 3EAT 4 Bifk
BRGNS 4R iR AR B B DOM
DSM Eg, 34 o df 420, 1m0 df X0 RN TBEE
A, B FEH gdal 1Y GetGeoTransform f # 4 #E 47
PR R ENRREL A E SR,
2.2 YOLOvS @&t

BB A YR A I T LB PR 208 SCRRE 1 IR
MBS, AR EFRES I Bk 22
ATRL Ay kI3, o — B R DL R-CNNM™ | Faster R-
CNNM* Mask R-CNN" g £R3% (i) B -6 3% X 1y 4 B2 11
B X MEREE B S ERE AR FEEEAEEX
R A R 4, BT UL TR BE AR L T 25 — A R T H Y Y
BR %, Ho KA SSD (single
detector)™™ ,Center Net' |\ YOLOU &84 o , AR F 45 —
R B Ao R i 328 OX 33 A6 I O 4% 1T J2 R regression
W h Bk LI R B 5 oy 2SR BUM , B A 2 B R

shot multibox

1141 3
5 o g - VLRG|

JiE L SR B AT L S R BT LA o R R
HEE B, IS YOLOvVS B8 & B R /E Y fl R/
NiE

YOLOvS 4454 27 YOLOvA™ fESR bt 4T
PeAb B9 HRL A T B 3 9 LB A BT AR B | £ E AR AR UE e A
BB % Y, BHEl, YOLOVS WRAD ZWHE T
v7. 0, AT, 3% BN [ B R 4 R B A 96 B, 30K YOLOVS 43
% T YOLOv5n, YOLOv5s, YOLOv5m, YOLOv5I,
YOLOv5x 5 AR, AT 19 P 4% IR B R 8 85 4K o sk 18, AH
T IO 4 AT A 0 R A R 0 . B SRR AT X A ) R
53K, YOLOv5s #85 BUAH X B 0 &, He P 4% 28 B2 A 98 B A
AN KSR R . YOLOvSs W 45 45 14 B 738 43 41
#i A Ginputs) | B R F 42 I B T (Backbone) | il T 47 1iF @l
G By FFB (Neck) FAs M 3k (Head) .

BAERAE T AN A ST, 3 A5 4 7RI 45
T A8 RS MR ) AR R S o T AE . RS i S
HIESAT L TR I 22 5, 9 40 B B8 87 W 48 S50
BeAh ST A TE B R G RL LD TR EUR KNG &
HHAHRBL ATMEFERERESIEERRE. ETMNE
KT CSPDarknet53 Hi =S [6] € FF ¥ Wb {b £ 3t (spatial
pyramid pooling fast, SPPF), CSPDarknet53 & Bt}
CSPNet™ il Darknet53 R4 #E4T T 454 » 7645 1E A i 2 Y
IR, AR R 2% 355 & , SPPF i 59 R 5 H 792 1 76 5l
AR A % 5 maxpool 2 HE BRI B -6 7 )2 IR B4R,
HH MR AT 88 £ 19 5 )2 I8 L HR1E , SPPF M % T
SPPY, FE A F HAG fE B A9 R B (8 3 S 3 R T N 1B
. TR A T RS AR 4 7 B M 4 (feature pyramid
networks, FPN) fll & & B & M % ( path aggregation
network, PANet)™ ,FPN 7¢ fi # R b 3% A i F 89
B K ER L R R W AR SRR AE B, 2 B R AE 4 IR
M2 HL 254, T PANet J& —Fp S0 o B 58, LR E5 M 3
SR HERIE A R B BI85 FPN L2 . RZR
HArfE Rl RESA BN, N T %X — £1, PANet I A
T—AB T LR Ak mE . Kl sk b A
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T YOLOv3™ gy # i 3k, YOLOvS f W 4% 45 # a0 /& 4
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Inputs
(640,640,3)

B 4 YOLOVS i W44 45+

2.3 PR YOLOvS 8
Tk R T S e G A R 4% AR R R AR RS B
W52 i, FATHE YOLOvS #E ks M4 5] A T HEE Sl
il s LA S 6/ B 4R 0 AR IR T RE ) o R R I ML 2
BLER2E T A — R8s b B AR . Y T ik
W, & AT DA Ak 4 R A D R B . R I ML AT 4o =
AR 8 R AL S R A AL AR A R R
SR S A SO A6 2 — i 2 1 B R IR A = T L
CBAM ( convolutional block attention module)™ , CBAM
AL ] D 3 i VR B 2 o o R AR BY 5T B 1 L B S T A A
fEPE R TE R s M B R T BB ., RRREES
L5 ARG AE U AE 3R, DLSE 3% 0 N RRAE . 38 2T I 4k,
CBAM R EEMS X 47 B ARG B A F EMHER,
5 Bl RD 7E 4b PRECHE BHYOE A PR
CBAM W M5 1 5 FT7m » 45 8 — 7% o B RRAE ]
Fe RO MBS R A, 155 50 AT L 3 W e 75 Hh — 4 30 18 7
BHEM € R M_gEsBEBRIE M RV,
%mmﬁﬁu&ﬂum%ﬁ=
F =M(FOQF
|\F"=MJ(F)®F'
BB T ML B B (channel attention module,

(D
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P, HEMINE 6 Fis. 1, FRAE R B 2 R4 B R w Al
BEHEAT R A T B4k 0 B Ak, DLAE BN AR R
2@%%@#&%»?@%%%&F@ﬂmﬁmw%ﬁ
Frou s SR JE R X T B AR 18 47 B L = W 4%, L™
&%ﬁ@MER””%AA;M%mgﬁuﬁﬁwﬁm
M—EZHR . T WD S BT RO 08 K/
WER Ry B IR, XA B A
N FEZE 4% ST 3 i % T R AT SR A I b A9 B R AE
. 8 R S LE A
M, (F) = ¢ (MLP (AvgPool(F)) + MLP (MaxPool(F))) =
e (W (W (F,, 0 + (W (W, (Fi))) (2
Hof o N sigmoid MELW,ERC MW, € R
Sy MLP A E , T3 Z WA A RELU B0UE iR 305
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K6 WiEEENSM

23 |8 7% 2 JIHLHI B B (spatial attention module, SAM)
S FIFRALE 5 1) 22 ) A9 50 8 3 A= ol s [l o 78 [ Y
Yo gl 7 fios . 58 E B S EPORFE 2 ) HE SR
0B e FE ARAE R PO A B A B R e R B
WA FE . B ENER DT, H M AW A ML )E R R AR
AE BRI i 3 T fE OB AR R A g BT By b ik RRAE B
Fo. € R"TY MBI ER Fl.€ RV, AR5
SFRESTREH EATRB RGN, & IR A0 42 [
BHE., sBEE s A =08

M (F) = ¢ (f ™" ([ AvgPool(F) ; MaxPool(F) |)) =

o (f "T([F s Frw ) (3

oo S sigmoid BREL, £ 77 KRR AL I IR AR K

INKRTXT AR

HMANFHER

ERERN
K7 =SENEE 4

TANHBO S EREY B KEZ /D HBEEBIR,
T R 2 P 4 v, 3 /N 285 4 119 B s 78 R AE B v 19 AR ALE
AL BB . FEOR K MR . CBAM By 52 il m]
DA R4 3 9 AR A P o B RR AE A5 S 5 {8 FL 0 2% 5 2 Bl 1
ZEFHE. B XA I FEBRE MRS, 8T
5B BT AR X SRS, ARSI T T LM s
%% CBAM #i3k & F Backbone ) & 5 — 2. &5 F
Backbone [y B B2 h A1 B T C3 B h, &5 K W
CBAM 2, T Backbone A C3 £ ) BottlenNeck %%
B+, Backbone H B BottlenNeck JF 7 2 i %1~ Conv_
BN_SIiLLU & #t4H i%, , A~ CFESS — > Conv_BN_SiLLU &3k
JEH A CBAM B8, ik A S5 QB 8 Jr 7, BT A R Bk
FEE R R o R 5. d A G5 AR S R B2 i DR B 1Y R i 45
¥ F I 507 A4S

3 KBERSESDN

3.1 XWIRE

A BF 5T 48 A 6 A HL R K #E PHANTOM 4 PRO 1Y
TP CEYNTT R TR AIHT R B A BR AT, B ot ko 045 2 |
AE R LA, -AE RGN windows10, 40 P 2% 12th Gen

B8 YOLOvS Mt 34

Intel(R) Core(TM) i9-12900K 5. 50 GHz, AL FESS N
NVIDIA GeForce RTX 3070 8 GB, ¥ zf £ F W &
31. 015. 2698, Python fix 4~ 3. 9. 15, pytorch g A& 1.13.0,
cuda iA 11. 7. 64 .cudnn R4 8. 5.0,
3.2 Z4ERTESREIS

¥ T AN SRR 1Y B 5 3 A ContexCapture, %5 [H]
AL FR FR B WGS 84/UTM zone 48 N (EPSG:32648) , 4
B = P A% L TSRV ) DOM/DSM 48 3 1 74 2]
BB, CBAM-YOLOvS R’ % fIl 45. f5 A 9 4% B4
18 R~F 9% R 3% ok 640 X 640, batch-size % & A 12, epochs 1%
B 150 W, IR BB E A 0.000 5, W) 4h 2 R R
0.01, AN E T AR5X% %, Y epoch ik F| 150 I, %>
RFEWE 0.000 232, M & £ UK BIA B 100 YR, 25 70
fbrts T TR B 8L
3.3 MEEIEMR

B s A5 R [0 25 M R B9 PF S8 4 A — R R B B AR
FHER 2R (precision, P H W # (recall, R) DI EYEE
CAP) o7 B0 B o AN TR] A (0] 32 40 00 o 4 23 10 39 (8
(%W T P-R i) FERBRRHHE AT

TP
P = Tp+Fp
Tp
) R=Tp¥FN “

Rank
AP = >J(R,—R,.) XP,

L

o, P O fEm R R A & TP Sy B8 F1 5T 58
{ELARTR]  FROUAE N TEAEAS s TN Sy B0 L 1 2L S5 B AH ] 5 F51
INEL R GRS 5 FP 2 B0 1 SB[ 004 D% 1 A
AN TN E A B S AN ) AR 2 6B s Rank
EARKEL .
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1) B As Al B I bl v s T 1 B8 43 BT

R T VEAG O (Y B f R O SR AR TR N R R B R
PEREIE 25 #E FE R Y SE B PR K 3 FE R IR A A i D) 53
B, AT T RS L2 5, o Faster-RCNN S H i 55 #
FH B 3 % 39 X P9 7 I B W BB, YOLOv3, YOLOv4
S YOLO M4 885 JLACERY , b 5 B A9 3% T a0 13 B4 3 B
BrB s X L SE 58 T 48 65 O AP Recall F1AG I 3, 52
WA R 1 iR,

M5 2 1 B9 5048 T LUAS 0, 45 7 B BX 85 3% Faster-
RCNN 76 V-394 BE 7 T R 9 R4 (H il FH M IR, S5
Kl as iE] 25 4, A H T YOLOv3, CBAM-YOLOYS Bl A T
Mosaic UG5 . [ 18 7 B 5 4000 . 1 38 I 484 3158, wie
TS REOFEA T CBAM & AHLH , H mAP {H2 T
6.63%, B EIZREETF T 8. 71%, [F) iof 4G I A 71 o, 45 3] 45 7
FH T Tl S 56 T 4540 e TR AR B9 YOLOVS A SR AL AP (2
J+T 1. 5%, Recall 171 T 3% AR L4558 T 32%.

S T RS S e RS A R SS T JR AE W B b i 4R A A
BCHE T 2 5 3 AR [ o 4% N [ 250 3 SR W A A AR AR TR AT

Ol ,_\ R4 31 ¥ g N . .
#1 ARBHREMNEEERILL T % iR 3, 4 I B SENet ( squeeze-and-excitation
) 2% 25 ¥4 AP/ % Recall/ % Time/s networks ), ECANet ( efficient channel attention
FasterrRCNN 93. 58 90. 66 0. 041 networks ), CANet ( coordinate attention networks ).
YOLOv3 89. 56 85. 16 0. 097 CBAMNet ( convolutional block attention module
) B 3 e o : =
YOLOv4 93.10 87. 85 0.024 networles) fit A S 9 £ BUR L i A Backbone Bts
YOLOW 04 72 50, 80 0. 022 —ERNEE N a BB, ik A 3] Backbone 71 C3 5t 1y
v : : ) BottlenNeck H1/#4 J5 4% 4 b RUBLEL, Xt Hb S (K 1T 47 48 4
CBAM-Y OLJOVS 96. 19 93. 87 0.015 A AP .Recall, Precision F#& i B , S 25 AN 2 Fiw .
AL R 3 L Y Y 3 2
AR {1 2 7R SENet it o BJ L, A 5
R 2 T EHE YOLOvS &8 75 i & F A M RE R4
W] 28 45 44 i A3 AP/ % Recall/ % Precision/ % Time/s
YOLOvS 94.72 90. 80 89. 86 0.022
a 94. 27 88. 65 93.91 0.017
SE-YOLOv5
b 94. 91 91.10 90. 46 0.013
a 95. 25 89. 18 89.13 0.011
ECA-YOLOvS5
b 95. 54 89. 89 90.79 0.012
95.01 92.02 92.73 0.014
CA-YOLOv5
95. 20 92.94 90. 55 0.016
a 95.61 90. 67 91. 34 0.022
CBAM-YOLOv5 .
b(A S AY) 96. 19 93. 87 93. 67 0.015

-0 RE 48 A5 AR A BT #& 7t s ECANet #4 SENet 1y MLP
B T — 458 W LA SOk A S B0 & BT DR
F SENet A DL K 45 48 W 45 YN S5 i st 1], A 0 B i) b, 38
5" ;CANet 7£ SENet JEUIA B R4 Rl EFIMA T
LB AF &, AT R 5 B8 B o o b o0 AN TR B H bR X8, AT
DB BSAMREFE /R T #58 120; CBAMNet W 2 4
ECANet Zffy BRI BT 25 B2 A8, St Y @i i
B Az | E B ST L TER TR EREY /b % H
TR BRI T AEHY b 1 25 A P RE T A B A T B8 a, PR MK O
JEE#E T CBAM-YOLOvS-b B8, Al LI B, M T35 A
H AR MU AL, RSO ALY AP (ER Z & 1.9%,
Recall Z T T 5% ,Precision ZHRI T 4%,

2 Bk ven W 5 P BB 43 A

o PEAS AR D 2 Y 1 AR 45 X R XS R Y /Y 200
FRAE R FEAT AN T 008, 305 L3845 S0 b A7 b e, 2B L
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N T SE B R T B A B T U 1 W B bk e U i AR ST
BT — R BB B AR WA APL RGB & 5 i
LRk R i, TSR L AN G P L EH R, &
142 0 7 G B AR IR R CBAM-YOLOVS, B 28 F+
T RIS AR H b B R TN ROR L 7 5 AR H AR B X TE S R
dr, 36 1K AP [H3K B T 96.19%, Precision 3%
93.67%, ¥ m T A 2% ALy M BT R, SR )5 fiE A
ContexCapture XJ JC AL AT 38 R HF A7 = 248 @A, I 4
Z3 i DSM 5 DOM E 4, & 7 ff F| GetGeoTransform
8 BE R AL, X DSM M8 b Ok 19 0 3 AT B B, 9
H B L A 0 L B R RN . R SRR AE R AT A R 22
AT A e /) 9 3 BRI P Bl A SO e ARG DU AR, W A
M b R RS R VR B T A, A S
7 R A A AE — S ) FR A < AR AR N S L IR 2 X Bk R
TE AR 5 4 T A AR F AR A I B Bk W,
2 TT JE %o AH O ) A A T 2 » DA BE 22 1) A4 88 2 o 9 A SC Y
REAL, ATH R B T B AE AR B F A BRI E M E
T B ML T 1S S ) B A R ST
&% 3k
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