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Fig.1 Sample diagram of wheat ears

a. i b. AKFHERRIE

b. Horizontal box labeling

a. Original image

d. PARTERT LR

d. Comparison of the two labels

c. WEHAERRE
c. Oriented box labeling
B2 KPAEL AR BR A
Fig.2 Comparison of the visual effect of horizontal bounding
boxes and oriented bounding boxes
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x1 KRHESHEEELERER
Table 1 Difference of average area of horizontal and oriented
bounding boxes
SFHIIAY Average area
FRFR JKFHE (HBB) JEEHE (OBB) (HBB-OBB)/
Wheat variety Horizontal bounding ~ Orientation bounding HBB/%
boxes boxes
arvalis_1 44423 1961.4 55.85
arvalis_2 5918.8 2212.1 62.63
arvalis 3 9851.0 5568.7 43.47
ethz_1 33345 2315.0 30.57
inrae 1 14 867.3 61644 58.54
rres_1 6140.4 38164 37.85
usask_1 12790.2 54124 57.68

VE: arvalis_l~arvalis_3 PA X inrae_1 R TAE; enthz_ | B3 T 5
+5 rres 1 FAAF T 9 Usask 1 ZHFH T INEK.

Note: arvalis_1 ~ arvalis_3 and inrac_1 wheat were taken in France; enthz_1 wheat
was taken in Switzerland; rres_1 wheat was taken in England; Usask 1 wheat was
taken in Canada.

1.2 ET i Oriented R-CNN EYEFEM NS RI4EE
Oriented R-CNN J& H Fif jie e H 5 ar il 55092 5 rp A
RS 52 AH 82 v O P B B IR, G = S A 0, 3 A
N i B 4 AL B, £ 2% (Backbone) P 4%
(Neck) X 38 i 3% X 4% (Rotated RPN, rotated region
proposal network) « k¥ 4% (Head) . 745 2 11 &b 21
B BRI i e 45 S 1 s Al SR FE AR Z e

‘BT M 4% Backbone

4 Nntput
B
2nd stage
(EIV]
Regression

5, y, w, h, 6)
Count
RE Classification

f 2% Backbone 18 Fi] ResNet-50 [ 2% %of A% 4T 45 1E 2
B, HizOBRBRERES ], ERESW TR Z5
¥, I HES IR E B IR N4, R R AR
o) s B 4% Neck K RFIE & F I M 4% (FPN, feature
pyramid network) , @I fl G A FE R ERFFAEE, FE
TR AT A RE R H AR B AR B X ik
%% (Rotated RPN) TEHFAE B 1Az 5 RBEAS [ 1 42 0 HE 5
LML (Head) WAFAE MG B 5 @ UHERS BB SN
% ROl JZ 5 & 28215 2B A I B AE S

EHE RS A, X AR E bR R T B A
A5 2 AN AR 1) AL, 4 HH — A 250 Oriented R-CNN £
IR, SR anE 3 B, fEFRAE 52 HL N 4 ResNet-
50 H1 5] N BB B R 8 A 8] 4 - B5 R SPPCSPC 3 K 8%
ZH, AR N B ARBIA I EE A5 A, N Tk
— SRR RRE 22 S RE T, TEBUMN 4% FPN JII B% 4%
4 M4 PANet FIR & & 7 HLH] E2CBAM = & FF1E
HRTE SRR B &Ja, fxI/N BRI, K
FH 22 PR JE AR O AE 01 2292 Soft-NMS At AL 7L AE 1 7 i
R,k AR A3 TN AR DR 07 gk B R S B B AR
A

i
Decoding

[X I A1 %% Rotated regiqn proposal network

'R ] Feature Map A HEProposals
—
-—
B A 5 2 FHEX
FCs Detection network ROI align (regions of

interest align)

VE: P2, P3. P4, P5. C2. C3. C4. C5 M C6 KR IFIEE: & (x, y, w, h) FRERTOSLFRUL TR Aa AL FRGH SmBE, 0 Frid

FEHELR] VA 1 5

SPPCSPC R B R MR IE G F 35 ik, E2CBAM RBIRAVER 1,

Note: P2, P3, P4, P5, C2, C3, C4, C5 and C6 represent feature maps; The variables (x, y, w, h) represent the center point coordinates of the frame and its width
and height; Aa and ApB represent the offset of the edge midpoint; 6 represents the boundary box regression angle; SPPCSPC stands for spatial pyramid pooling cross

stage partial networks; E2CBAM stands for hybrid attention mechanism module.
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Fig.3
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5 o Bt ey 38 25 6] 42 7 ¥5 (SPPCSPC, spatial pyramid
pooling cross stage partial networks) HEELIE DL 2% 0] & 7 35
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5 By B JR) B X 2% (CSP, cross stage partial networks) %]

Improved Oriented R-CNN structure
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SR B R e e B O 2 SRR R A S [ I g X 2%
| |1 Rl R BB A5 Rk

SPPCSPC MaxPool

SPP

|‘ edietity SPP BLH i 4 MR ILE 4 AL, LRk
T NG5 94 13 AL, 4 Rt A AZ R /INAS R Y i R
: U S0 R SR, 36 AL A B ) R 0 B2 0
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Bk Conv R B MEAE; BN ZoriltiEIA—1k; SiLU & ¥if R4l FE G AE & P AR 4% FPN 227 7 [ Th A T s gt

Note: k1 represents the convolution kernel size=1x1; k3 represents the P o y et N s N .
convolution kernel_size=3x3; 51 represents a step size of 1; Pool 5, Pool 9, and = @ﬁ: %Fi"h‘fﬁ Eﬁﬁ@t =) Emll:l X'fﬁ B FH */T'Tiﬁfﬁ B

Pool 13 indicate that the max pool core size is 5, 9, and 13, respectively; In the ?]:af u%ﬁ%\ﬁ)%% ﬁE , 1%’?%‘*§Z—ﬂﬂ U\ % }j @JE% E/‘J E

CBS module, Conv represents the convolution operation; BN represents batch

normalization; SiLU is the activation function. FRERE T3 S ARG kRS S,
B 4 SPPCSPC Akt Y RLx BB N S B A A S HE B R
Fig.4 Structure of the SPPCSPC module RIS BE A BRAR S O, BN T BRI A M 4% 45 1

9ot Y 2% R B T T A e (PANet) , 1ZMZ%{E FPN [3Efilie B T HIK M L
ﬁ$?$j;£ﬁf§§§gﬁﬁgzz%ff$§' {015 BLE I, F UMY T PPN [0 1 (5 B3 5
33 B BULTRIURAT, AARHAZE SPP BT ot PP R S B ik e AL I
JLHAEALS, m FIE 33 BB I, BBty o, b TR G LB H b
U BT 11 BT B, R APLIRICS BRI LA T R

2) A4 4 3 9% HREE FELHEAT Concat 34 5 4 ,vaﬁﬁﬂTE%mg%a@Hﬁ%ﬁﬁ“’fﬁ
‘ RT3 VAL RS Coneat JRAE HF R I B 503 b RSO LA B, AT 7
LD GBI, WO EER o, phx EEEEREE 2 E RN EA A0S
AEAR S AR R B o R, 7 PANet %% S5 5T B2 74 4 7 E2CBAM

LR, D MERBREERRNT M A A, 5 R 2 R 34 B 75 4 1
BOFE E B, 33 BB TR D AL kpfE A, w5 BERIRA, B S i SN 4 S5 R 5
G B, EEEEE S B, BB R,

C6
[16,16,256]

?

Downsample

SR HE A L f

F5 CONV1 CONV2 P5 CONV2 C5
[32322048] T e, 1 33,1 % 232256 | -’-—> 33,1 " [3232256)

Downsample

v

L

v

F4 CONV1 CONV2 P4 CONV2 C4
[64.641024] 7 1x1, 1 !’ 33,1 7 [64.64256] *’-’*—’ 33,1 % [6464.256]
— Downsample

F3 iy CONV1

[128,128,512] 1x1, 1

CONV2 P3 CONV2 C3
*’ 33,1 " [128,128256] *’-"——’ 33,1 % [128,128,256]

Downsample

F2 CONV1 CONV2 P2 - ) CONV2 C2
[256,256,256] il 1x1,1 —»-’ 3x3,1 i [256,256,256] & 3x3,1 > [256,256,256]

i: CONVI BHRFEREPMZANET 1x1, BKN 1 MEBBERIE; CONV2 HIRFIREBEMRANET 333, HKN 1 KBREAE: Upsample Ay FRFEH
Downsample A F REEFEL; E2CBAM & 5| ATRA R FIHLH]; Concat S Hf e84

Note: CONV1 module means a convolution operation with kernel_size=1x1 and stride is 1; CONV2 module means a convolution operation with kernel_size=3x3 and
stride is 1; Upsample is an upsampling module; Downsample is a downsampling module; E2CBAM is the hybrid attention mechanism introduced; Concat is a
concatenation operation.
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B S5 BEEMMLEm
Fig.5 Structure of the improved neck network
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B F R AE BB I 0 ALK R s SAM ARLER{f 73 451 7Y
BT H AR S W () SC AR 2R X I, b X JE AT
B R X E .

Wk 6 Fis, N T IAEIN CBAM AR He S 3038
WA S E, EREEEER SR (ECA) PO L)
Z b, MHN S R EAIEEEE IER (E2cA) 1R
B CAM & B0 RRE EEE 0, &5 5 SAM A

R AR A B I HLEI R (E2CBAMD , H i 4h
MRIRHA
=M.(F)®F,
F'=M,(F)®F, (D
KNP FRREREE; FRR& i BE2CA MLl e b 2
}:E’J%ﬁ@ F" R/ F 45t SAM FE B AL TR Ji5 (1 R E 18 5
M. (F)Jy@iEEs I8 M (F) = EE s E.
LL;I_)J J\rﬂ'IU/J
E2CA l\ [_"SAM
—~

T FRRERER: FRREE E2CA LB FLS U RHE I Pk
AREIE SAM BERALELE IRSE K .

Note: F represents the original feature map; F' represents the feature map after
being processed by the E2CA mechanism module; F” represents the feature map
after being processed by the SAM module.

@ 6 BA /Z IS j]#ﬂa#ﬁ] E2CBAM #% 7]"]
Fig.6  Structure of hybrid attention mechanism E2CBAM

ECA M 1x1 MERZAR B 2ERLZ, HRENS
A NE IR WK 7 PR, E2CA ZHWADIFTH
ECA 7 SCEMH R, B Se i i N B RHAE B R AT~ Ak

(B RHAL) , BFiEE M H,W,CIH 46 FF 548 4 [1,1,C
(PVRFAE [ B 26 0 AR A PR T 503 AT v A5 31 B 3 L
() —4E B RBUZ I RN SRR A B0 B & R AR
W AT — 445 A2 FAF B R AE B A 388 TE X B R A 2
S5 5 A JH — A AR AR A 5 DR A P 3 T 4 P52 A TR 15
FIEE AU PR, SEIRAE R R AN

M. (F) = 6 (F.omip (AvgPool (x) + MaxPool (x)) (2)
Ko RIx Sigmoid BUHKEL;  Feomip R G N — 454
AR AvgPool A1 MaxPool 75 7l 32 7~ ~F- ¥4 ith A Fl £ K
Witk HiENEBZ KRR
gz b

Ty
KPEFR BRI, cFORFHEEIBIER, |oddFor
W0k Xl i 1) B B Ky M boy BB N 2 /0 1
FIT SR R AR PR3 T e A 3 324 AR R /N 2 T8 F B 43

ik 8 s, SAM E Sk A IRFIE B 7 il 285 d
Rt A RITF- 35 9t A S22 A S 3 4 A R A (1, H WAL
HL R B 3% T AN RFAE A & 24T Concat $f #2153
(2, H W R 2 (B B s SR )5 22 BB KN 7x7
K26 A0 = B R AL P 4 2 AR D9 (1, HL W, 45 386 T 4 7

k=)= odd (3

R a A E s &5 R A Sigmoid X F A EIH— L5 S
JE E AR e, x2S R AL B R AR AT IR 21 5T 1 R AE B
[C.H,W], VLE#EIERRN

M, (F)=o0 (f7X7 ([Angool(F);MaxPool(F)])) 4

K IR BRIL KRN A T<T KB RIBH .
MaxPool >

mel_sizel ; 0 y
Add - Sigmoid ®
AvgPool ; : .
F kernel size2 E F

VE: kernel siezel. kernel sieze2 R/ H iGN AEFIZ; Sigmoid A& WG BEL;
Add FoRFHEIRIE.

Note: kernel siezel, kernel sieze2 represent adaptive convolution kernels;
Sigmoid is the activation function; Add represents the concat operation.

B 7 E2CA Bk
Fig.7 Structure of the E2CA module

"

Conv layer

3 A B ) A HE SR RS AE
Spatial attention

M(F)

#: Conv layer &o/R 7x7 WEHZE: o IR Sigmoid WU A%
Note: Conv layer represents a 7x7 convolutional layer; ¢ represents a Sigmoid
activation function.

[MaxPool,
AvgPool]

B8 SAM #kz
Fig.8 Structure of the SAM ( Spatial attention module )

1.2.3  ZEredEm RAEIp ) ik

TEHBFIREE A, 2 A0 A 2% 48 H H A IS 5 80K
B Z o A% G i AEAR OB #1592 NMS F T A
Z TAIAZ FH KT B 18 0 L 1) JF Ay TN AE 4 503k 8, 481 Gl
MW A (8 SRR R, R O AE 0 R
NMS T £ F2 B s — AN TIAE M 1T 5 850 55— H An b e
K, NMS iH5 =T

iou(M,b,) < N,

Sis
Si ={ 0, iou(M,b)=N,
Kis KR FINTNMAERS S, MRS RS
ITRIAE, b SIS TROIAE, N, 2 BT 15 Pl U HE 22 5F: LG
H{E, iou Fm M5 b, KA FHAE
AR AEIIHIFYE (Soft-NMS, soft-non maximum
suppression) i FH 50N A 4 FEME ik Bk, fEXT H
Ao THUIN AE 50 2 R 650 vy LR Ik P e BREL N, 3B H bR
TOOIAE S FH v 0 ASAS e H: 15 PR R Ok B 12 TUIN AL 17
AR BRI E, AR T HRES S 300 TR
ok E T B IR ), T AR v A A B AR N B AR )
KrllfE 77, Soft-NMS 5 =t -
Siy iou(M,b;) < N,
§i= { s:(1—iou(M,b;)), iou(M,b,)=N,

fE Soft-NMS ik, B A5 R i it 50

5
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iou(M.b)?

Vb ¢ D D)
NN E B E . Soft-NMS X 48 1 5] {E ) = S Tl HE
KA CE 5 RO EER A B A R e
1.3 BREWIINESRAE
L3.1 #4845

ARG A P2 K5 [ (average precision, AP). P
G B 518 (mean average precision, mAP) . &7 2
B (parameters) LA iHSEE AT PERE AT VRAN, S
HR S T e B A I R HE R E (precision, P)
FAEZE (recall, R) .
1.3.2 RIEIFILEN % 54

RIS N RS A 1024x1 024 53, HALIZ0E
SHAMBE T A2 LB A BEALER BT Bk
SGD K H Momentum 46 5%, A gl & 3 jek i i B
290.9, BUEEIEE T BN 0.000 1, WIAGY IR KE
4 0.005, 24 %R 2 J5 BN 0.000 5, 325 IRZ 5 A
0.000 05, 38 VX JEF% 0.000 001, FEiIZK 40 521K

BRI R R Ve £ - EEIC BN 17-12700F LR AF 16GB
(¥ NVIDIA GeForce RTX 4080 GPU. A i Fil i1 4 1F &
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Table 2 Comparison of model detection accuracy with different

s; = §;€

modules

YR EESE F S

PANet CBAM E2CBAM |MCANAVerage o o cters | lodting-point
precision PM operations
mAP/% ki FLOPS/G
x x x 85.77 41.13 198.54
x/ x x 85.96 4447 223.92
\/ \ x 86.12 44.71 223.97
\ x \ 86.27 44.67 223.97

TR X7 R AR N7 FORRA R, TH.
Note: "x" indicates that the module has is not used; "\" indicates that the module is
used, the same as below.
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KA. HET CBAM, E2CBAM fEit 58I A A
FIRTHE RSB EAMUEA T 0.04 M, F-H mAP & T
0.15 M FE 7 1o

T 5 UL IIE E S5 2% TR kN E2CBAM 4 8
P, FE5I N PANet fZERE 2 F, A7 B EE A 20 X 4%
ik N\ CBAM DL ) E2CBAM Xif 22 F H ARHFAE I $R 6E 77,
W 279 28 i AR AE I ) <2 JRAE NFEAR AT ST b, IR &Y
B 9 iR

HPE 9 %0, N PANet 135 X 25 7R A AN R VE &
JIREHL S, 2% 2 4L 32 Bl H bR RRE (S Sl 3R RE 1131
AHEMRA, THEXPEZEARS TR A T2
B3 TE. X CBAM 1 E2CBAM, P FHR & 7F & KL
51l 5 805 7 20K X 248 SO R E A v 92 11 7 22 A H AR X 3,
{H CBAM Xt 5t XISy 5 ADE X T H b X 1) 563
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a. Original image b. Original neck output image

c. fEFICBAMAS B
c. Using the CBAM module

d. i FHE2CBAMH B
d. Using the E2CBAM module

B9 ML FHRNREIER ANSTALER
Fig.9 Visualization results of different attention mechanisms
embedded in the neck network
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PRI RE 775 7R 300 2% FH I 0 PANet filt6 A [A) R 1)
FAEE], N E2CBAM MEHUE f5 505 51 0y AR 1 o
AINERRALE, X 22 R H A e A SNV s 7 7 3% TR HE
I, R Soft-NMS ik % B {1 2 Fl H bRl b . A5 E
3 b e gt S WS A AR A I B AR, AT TV AR,
WIS R 3 Fow.

xR 3 pBUAERERNRIGEER
Table 3  Ablation test results of the improved model

ResNet+  PANet+ RS

SPPCSPC  E2CBAM  SOftNMS b cision P/%  Recall R ™AP/%
x x x 65.69 90.60 85.77
\ x x 79.06 90.81 86.21
x \ x 82.09 90.29 86.27
x x \ 64.60 92.09 86.87
v v x 81.79 90.80 86.45
\ x v 72.70 92.14 87.40
x \ v 64.97 92.07 87.59
\ \ v 72.50 92.54 87.79
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H4 2eidt 5 1) Oriented R-CNN A58 5 Y {i F 701 5 Fh
i B AR ALY Gliding vertex?). R3 det™. Rotated
Faster R-CNN?!,  S2anet"®”! il Rotated Retinanet"®'! i 1T
LG RES:,  F AL R I 2R SR 43 I 2k 5 PR, S0
PR AR A 11 fros, 5 RO eSS B 7 ksl 1 a2 5
ERRIN £t BLIR MY, DR 3 T B 220 LB o 2 AR 52
B, BRI AR AEAS B> A, R3 dets

Rotated Faster R-CNN LA & Rotated Retinaent X & & H 5
ARG WU A5 SR AN B AR, 1T 0 JiE ) Orieted R-CNN AR A
X T G 32 T NE B I 1 22 A E Aw DL E A 23 AT %5 4 X ek
(1) 14 22 R A5 A o R IR B8 0, U B X A EH AR
HIRFIESE A AE 77 SE i, 78 SEBR ) H B IR 5 B AL 7
(PRSI RS B

Mo

Sparse

GE

Dense [y

iz @
Bright B

i
Dark

a. JRAR Y

a. Original model

b. AR Y
b. Improved model
A LT RERR IR X O IR AT FE A, W O [ BB AR D i S AR P R A
[CEARER & NS i VSE /SR G
Note: The red box marks the area where the wheat ear was missed; the blue
circle marks the category of the ear that was misclassified; the number in red
indicates the total number of ears in the picture; the same as blow.

B 10 A AR A M AR L
Fig.10 Comparison of model detection effect before and after
improvement

®4 UARIRRE R RERALN

Table 4 Tests of modeled wheat count results before and after

improvement
JE Y ik J R 2
FREFhK NIt Original model Improved model
Wheat variety Manual counting 1% HETf i3 HETf
Counting Accuracy/% Counting Accuracy/%
arvalis_1 824 768 93.20 775 94.04
arvalis_2 389 303 77.89 325 83.55
arvalis 3 506 446 88.14 462 91.30
ethz_1 1469 1297 88.29 1314 89.45
inrae 1 371 348 93.80 345 92.99
rres_1 901 827 91.79 836 92.79
usask 1 614 549 89.41 541 88.11
M7t Total 5074 4538 89.44 4598 90.62
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A 11
Fig.11
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A A1, Gliding vertex~ R3 det. Rotated Faster R-CNN,
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499, 2.49. 3.94. 225 F14.12 NE4F .
=5 TEMERIRIELERITEL

Table 5 Comparison of test results of different models
BEED Wi

i)
l\%jél P/% R/% mAP/% P/M FLOPs/G Frames per second,
FPS/(i-s™")
Gliding vertex 77.10 88.27 82.80 41.13  198.41 272
R3 det 21.66 90.46 8530 41.72 33172 16.6
Rotated Faster
RONN 7630 89.67 83.85 4113 19840 272
S2anet 3454 9091 8554 38.56 196.81 227
Rotated 7 04 9906 8367 41.13 19854 20.1
Retinanet
Improved
Orientod R.CNN 7250 92.54 87.79 47.23 31455 232
A IS

Original image

S R
Improved mode

HOGHE [
Intense sunlight Dark

£ DO
Improved Oriented R-CNN

e. S2anet*!

d. Rotated Retinanet*!

T B AR AR M BOR AT H

Comparison of detection of different models
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Y BRI e St 40 A A ¥ 5 ELIEE R4 1 32 A H AR T 4 1R 1
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KR
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Overlapping
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Fig.12 Field wheat instance detection
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256

Flk T2 (http://www.tcsae.org)

2024 4

A 412 ANF 5 Rl BERE BT i A2 SE P AR 55 TH AU E
S A AR AR B 7 K

(1]

(2]

(3]

(4]

(3]

(6]

(7]

(8]

(9]

[10]

[& % 3 Bkl
GaZL, F2E, XL, & ETERMEME NN ZE
BTG AFVED]. WLk 224k, 2020, 32(12): 2244-2252.
BAO Lie, WANG Mantao, LIU Jiangchuan, et al. Estimation
method of wheat yield based on convolution neural network[J].
Acta Agriculturae Zhejiangensis, 2020, 32(12): 2244-2252. (in
Chinese with English abstract)
M, 25, Bhig, 45 BT/ BE/INMEEIG > HI1
FERITHEOTEA]. B R R A2 4], 2018, 41(4): 742-751.
DU Shiwei, LI Yinian, YAO Min, et al. Counting method of
grain number based on wheatear spikelet image segmentation[J].
Journal of Nanjing Agricultural University, 2018, 41(4): 742-
751. (in Chinese with English abstract)
BT, Tk, THIURE, 2. 5RO 2 AR I g
W ZEARAL T[], AWML AR, 2020, 51(12): 212-219.
XIE Yuancheng, HE Chao, YU Zengyuan, et al. Optimization
method of wheat ear detection cascade network in complex
field scenarios[J]. Transactions of the Chinese Society for
Agricultural Machinery, 2020, 51(12): 212-219. (in Chinese
with English abstract)
XU, EORTR, FONE, &R TEERHER N i
BAZAR AT ). P EARA SR, 2021, 42(11): 97-102.
LIU Dong, CAO Guanggiao, LI Yibai, et al. Recognition and
counting of wheat ears at flowering stage of heading poplar
based on color features[J]. Journal of Chinese Agricultural
Mechanization, 2021, 42(11): 97-102. (in Chinese with English
abstract)
FERNANDEZ-GALLEGO J A, KEFAUVER S C,
GUTIERREZ N A, et al. Wheat ear counting in-field conditions:
High throughput and low-cost approach using RGB images[J].
Plant Methods, 2018, 14: 1-12.
P, A, ERL T 0 Bayes X EISAR) Z R/ ME
B EBOED]. BRI SR, 2020, 22(8): 75-82.
LIU Zhe, YUAN Donggen, WANG En. Automatic counting
method of wheat grain based on improved bayes matting
algorithm[J]. Journal of Agricultural Science and Technology,
2020, 22(8): 75-82. (in Chinese with English abstract)
ML 8GR, HEM, & ETEEGE ST RN
HE G ITIE]. H ERE AR, 2019, 52(1): 21-33.
DU Ying, CAI Yicheng, TAN Changwei, et al. Field wheat
ears counting based on superpixel segmentation method[J].
Scientia Agricultura Sinica, 2019, 52(1): 21-33. (in Chinese
with English abstract)
XL, X0, 2R, 45 R T IR TR ZE M4 2 B a1
THEOTED]. R AR A4 ], 2021, 26(6): 170-179.
LIU Hang, LIU Tao, LI Shijuan, et al. Research on wheat ear
regression counting based on deep residual network[J]. Journal
of China Agricultural University, 2021, 26(6): 170-179. (in
Chinese with English abstract)
AL, HAIN, EFSCHL, S BTN G T 2%
HIZE RN A T]. AU 3, 2021, 52(11): 253-262.
ZHANG Quanbing, HU Shanshan, SHU Wenchan, et al.
Wheat spikes detection method based on pyramidal network of
attention mechanism[J]. Transactions of the Chinese Society
for Agricultural Machinery, 2021, 52(11): 253-262. (in
Chinese with English abstract)
BECEE, kA, WAMVAE, & ETIREEHRMEMS T H
V¥ 22 T3 P A T R B0, ROl TAE S, 2020, 36(21):
186-194.
BAO Wenxia, ZHANG Xin, HU Gensheng, et al. Estimation
and counting of wheat ears density in field based on deep
convolutionalneural network[J]. Transactions of the Chinese

(11]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

(20]

(21]

(22]

Society of Agricultural Engineering (Transactions of the CSAE),
2020, 36(21): 186-194. (in Chinese with English abstract)
WM&z, FEM, EME, . Su# YOLOX fa i B4y R
ZERA[T]. Al TRE2EHR, 2022, 38(15): 143-149.

YANG Shugin, WANG Shuai, WANG Pengfei, et al.
Detecting wheat ears per unit area using an improved
YOLOX]J]. Transactions of the Chinese Society of
Agricultural Engineering (Transactions of the CSAE), 2022,
38(15): 143-149. (in Chinese with English abstract)

KHAKI S, SAFAEI N, PHAM H, et al. WheatNet: A
lightweight convolutional neural network for high-throughput
image-based wheat head detection and counting[J].
Neurocomputing, 2022, 489: 78-89.

B, Y, FRW, . o YOLOvS Y& H a2
AT TR [I]. Ak TRE2EHR, 2022, 38(16): 235-242.
HUANG Shuo, ZHOU Yanan, WANG Qifan, et al. Measuring
the number of wheat spikes per unit area in fields using an
improved YOLOVS5[J]. Transactions of the Chinese Society of
Agricultural Engineering (Transactions of the CSAE), 2022,
38(16): 235-242. (in Chinese with English abstract)

EAE, R¥EE, KE, S FEHLE T R H bkl
R LR, IFENLRFE, 2023, 50(8): 79-92.

WANG Xu, WU Yanxia, ZHANG Xue, et al. Survey of
rotating object detection research in computer vision[J].
Computer Science, 2023, 50(8): 79-92. (in Chinese with
English abstract)

Y, wan, TN, 55 456 RRFAHEANE R JIHLH]
F) 30 S R ARG D S AU D]. v ] P R R "4, 2023,
28(9): 2706-2718.

LI Zhaohui, AN Jintang, JIA Hongyu et al. Lightweight object
detection model in remote sensing image by combining
rotation box and attention mechanism[J]. Journal of Image and
Graphics, 2023, 28(9): 2706-2718. (in Chinese with English
abstract)

FESCHE, JEBEND, RORAL, S FET 0 YOLOVS (138 %
PG e Fe A H bRk [)]. B T80 TR, 2023, 31 (14):
137-141, 146.

ZHONG Wenhua, TANG Xiaogang, ZHANG Binquan et al.
Remote sensing image rotatable bounding box object detection
based on improved YOLOVS5[J]. Electronic Design Engineering,
2023, 31(14): 137-141, 146. (in Chinese with English abstract)
SUN J, YANG K, CHEN C, et al. Wheat head counting in the
wild by an augmented feature pyramid networks-based
convolutional neural network[J]. Computers and Electronics in
Agriculture, 2022, 193: 106705.

XIE X, CHENG G, WANG J, et al. Oriented R-CNN for object
detection[C]//Proceedings of the IEEE/CVF International
Conference on Computer Vision (ICCV). Montreal, QC,
Canada: IEEE, 2021: 3520-3529.

WANG C Y, BOCHKOVSKIY A, LIAO H Y M. YOLOVT:
Trainable bag-of-freebies sets new state-of-the-art for real-time
object detectors[C]//Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition(CVPPR).
Vancouver, BC, Canada: IEEE, 2023: 7464-7475.

LIU S, QI L, QIN H, et al. Path aggregation network for
instance segmentation[C]/Proceedings of the IEEE/CVF
Conference on Computer ~ Vision and  Pattern
Recognition(CVPR). Salt Lake City, UT, USA: IEEE, 2018:
8759-8768.

BODLA N, SINGH B, CHELLAPPA R, et al. Soft-NMS--
improving object detection with one line of code[C]//
Proceedings of the IEEE International Conference on
Computer Vision (ICCV). Venice, Italy: IEEE, 2017: 5561-5569.
DAVID E, SEROUART M, SMITH D, et al. Global wheat
head detection 2021: An improved dataset for benchmarking
wheat head detection methods[J]. Plant Phenomics, 2021, 2021:


https://doi.org/10.3969/j.issn.1004-1524.2020.12.16
https://doi.org/10.3969/j.issn.1004-1524.2020.12.16
https://doi.org/10.6041/j.issn.1000-1298.2020.12.023
https://doi.org/10.6041/j.issn.1000-1298.2020.12.023
https://doi.org/10.6041/j.issn.1000-1298.2020.12.023
https://doi.org/10.1186/s13007-017-0271-6
https://doi.org/10.11841/j.issn.1007-4333.2021.06.17
https://doi.org/10.11841/j.issn.1007-4333.2021.06.17
https://doi.org/10.11841/j.issn.1007-4333.2021.06.17
https://doi.org/10.6041/j.issn.1000-1298.2021.11.027
https://doi.org/10.6041/j.issn.1000-1298.2021.11.027
https://doi.org/10.6041/j.issn.1000-1298.2021.11.027
https://doi.org/10.11975/j.issn.1002-6819.2020.21.022
https://doi.org/10.11975/j.issn.1002-6819.2020.21.022
https://doi.org/10.11975/j.issn.1002-6819.2020.21.022
https://doi.org/10.1016/j.neucom.2022.03.017
https://doi.org/10.11975/j.issn.1002-6819.2022.16.026
https://doi.org/10.11975/j.issn.1002-6819.2022.16.026
https://doi.org/10.11975/j.issn.1002-6819.2022.16.026
https://doi.org/10.11896/jsjkx.221000148
https://doi.org/10.11896/jsjkx.221000148
https://doi.org/10.11834/jig.220839
https://doi.org/10.11834/jig.220839
https://doi.org/10.11834/jig.220839
https://doi.org/10.1016/j.compag.2022.106705
https://doi.org/10.1016/j.compag.2022.106705
http://www.tcsae.org

% 6 ] TS BT 080t Oriented R-CNN (14 i@ 6 HE 22 Atkar il 5 1+ 4o 7 257

277-285. bounding box for multi-oriented object detection[J]. IEEE
[23] HE K, ZHANG X, REN 8, et al. Deep residual learning for transactions on pattern analysis and machine intelligence, 2020,

image recognition[C]//Proceedings of the IEEE conference on 43(4): 1452-1459.

Computer Vision and Pattern Recognition (CVPR). Las Vegas, [28] YANG X, YAN J, FENG Z, et al. R3det: Refined single-stage

NV, USA: IEEE, 2016: 770-778. detector with feature refinement for rotating object[C]//
[24] WANG C Y, LIAOH Y M, WU Y H, et al. CSPNet: A new Proceedings of the AAAI Conference on Artificial Intelligence.

backbone that can enhance learning capability of AAALI Press, Palo Alto, California USA, 2021, 35(4): 3163-

CNNJ[C]//Proceedings of the IEEE/CVF Conference on 3171.

Computer Vision and Pattern Recognition (CVPR) workshops. [29] REN S Q, HE K M, GIRSHICK R, et al. Faster r-cnn: Towards

Seattle, WA, USA: IEEE, 2020: 390-391. real-time Object Detection with Region Proposal Networks[J].
[25] WOO S, PARK J, LEE J Y, et al. Cbam: Convolutional block Advances in Neural Information Processing Systems, 2017,

attention module[C]//Proceedings of the European Conference 39(6): 1137-1149.

on Computer Vision (ECCV). Springer, Cham, 2018: 3-19. [30] HAN J, DING J, LI J, et al. Align deep features for oriented
[26] WANG Q, WU B, ZHU P, et al. ECA-Net: Efficient channel object detection[J]. IEEE Transactions on Geoscience and

attention for deep convolutional neural networks[C]/ Remote Sensing, 2021, 60: 1-11.

Proceedings of the IEEE/CVF Conference on Computer Vision [31] LINTY, GOYAL P, GIRSHICK R, et al. Focal loss for dense

and Pattern Recognition (CVPR). Seattle, WA, USA: IEEE, object detection[C]//Proceedings of the IEEE International

2020: 11534-11542. Conference on Computer Vision (ICCV). Venice, Italy: IEEE,
[27] XUY, FUM, WANG Q, et al. Gliding vertex on the horizontal 2017: 2980-2988.

Improved Oriented R-CNN-based model for oriented wheat ears detection
and counting

YU Junwei'?* , CHEN Weiwei'** , GUO Yuansen'**, MU Yashuang“?*? , FAN Chao'*?

(1. Key Laboratory of Grain Information Processing and Control, Ministry of Education, Henan University of Technology, Zhengzhou
450001, China; 2. Henan Key Laboratory of Grain Photoelectric Detection and Control, Henan University of Technology, Zhengzhou
450001, China; 3. College of Artificial Intelligence and Big Data, Henan University of Technology, Zhengzhou 450001, China; 4. College
of Information Science and Engineering, Henan University of Technology, Zhengzhou 450001, China)

Abstract: An accurate detection can greatly contribute to the wheat ears in field environments. Traditional object detection
models with horizontal bounding boxes cannot accurately detect the densely distributed wheat ears, particularly on the
significant occlusion between ears and stalks. The high miss detection of wheat ears often occurs in the variation of
illumination conditions, dense distribution, and small scales, due to the overlap of prediction bounding boxes. It is a high
demand to orient the wheat ears with less noise and of large background for the high performance. In this study, an improved
Oriented Region-based Convolution Neural Networks (R-CNN) model was proposed to detect and count rotated wheat ears.
Firstly, the spatial pyramid pooling cross-stage partial networks (SPPCSPC) was added to the backbone network to generate the
last layer of the output feature map. The sensing field was then enlarged to enhance the perceptual ability of the network;
Secondly, the feature aggregation network and the efficient two convolutional block attention module (E2CBAM) hybrid
attention mechanism module were introduced into the neck network to enrich the feature information in the feature map;
Finally, the prediction bounding boxes were optimized using the flexible non-maximal inhibition algorithm soft-non maximum
suppression (Soft-NMS), in order to optimize the predicted bounding boxes screening. The E2CBAM module was improved
using the convolutional block attention module (CBAM) in the E2CA module, instead of the CAM channel attention module.
The E2CA module was composed of two parallel ECA branch structures: the maximum and average pooling. Two adaptive
convolution kernels were then obtained to sum. Finally, the channel assignment was weighted for the important channel
information. The key feature was captured to improve the detection performance of the model. To verify the E2CBAM hybrid
attention module, the path aggregation network (PANet) was introduced into the neck network to enrich the semantic and target
location in the feature map. The detection accuracy of the model was then improved by 0.19 percentage points. Furthermore,
the detection accuracy was improved by 0.16 and 0.31 percentage points, whereas, the number of parameters increased by 0.24
and 0.20 M. respectively, in the CBAM and E2CBAM hybrid attention mechanism module. The floating-point computation
remained unchanged. Compared with the CBAM, the E2CBAM hybrid attention mechanism module improved the detection
accuracy of the model by 0.15 percentage points, while reducing the number of parameters by 0.04 M with the unchanged
computation. The experimental results show that the improved Oriented R-CNN model accurately represented the head
direction of wheat ears, indicating better detection performance. The mean mAP of average accuracy was 2.02 percentage
points higher than the original model, compared with the mainstream-oriented bounding boxes detection models. Moreover, the
mAP values were improved by 4.99, 2.49, 3.94, 2.25, and 4.12 percentage points, respectively, compared with the mainstream
rotating target detection models, Gliding vertex, R3det, Rotated Faster R-CNN, S2anet, and Rotated Retinanet. The Oriented R-
CNN was utilized to accurately represent the head direction of wheat ears. The background area was also reduced in the
prediction bounding boxes. The model detection was more visually appealing. The finding can provide an effective way for the
practical observation of the growth status of wheat ears and counting the number of ears.
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