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Abstract: Current deep learning methods for wheat ear counting predominantly rely on expensive location-
level annotations such as bounding boxes or density maps, which require considerable manual annotation
effort and are susceptible to annotation noise, thus limiting their practical use in agriculture. To address
this issue, this study proposed a new lightweight count-supervised network for high-precision wheat ear
counting based on image-level count labels, without requiring location information. The core innovation
lay in the design of an efficient multi-scale dilated convolution (EMDC) module, which replaced the tradi-
tional computationally expensive structures with parallel dilated convolutions. This enabled efficient ex-
traction of multi-scale features while keeping the number of model parameters to a minimum. Systematic
experiments on a public wheat ear detection dataset demonstrated that the proposed method significantly
outperforms existing position-supervised approaches in terms of both the mean absolute error (MAE) and
root mean square error (RMSE). With an inference speed of 120 frames per second, the network was high-
ly suitable for real-time deployment on resource-constrained devices such as unmanned aerial vehicles (UA-
Vs) or mobile sensors.

Key words: wheat ear counting; counting supervision; multi-scale dilated convolution; lightweightnet-
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Baseline-+ EMDC+ %% 22 + W By BOI 4 N N NG 9. 96 3.04 3.94

2.3.2 EMDC #% % MK &k
M 6 Prox, =it e=1/3/5Ce HIEMKAE, 1/3/5 Fm =43 KB IKAI3000 1. 3, SHREBE G L
BER) Z R . DU 23 SOOF R RN A » RN TE T3 24y LR BURFETUAR . 3N T S 80k IR B AR 3 &, JF
H SE EZ AR Scsl, 75 HOCH 53R 22 B3 Bt U0W] 1 8 A R G S R T B O B,
Conv,. B FCORERZ) Hmal, a7 LU RN DR 47 ok s 45 A0 /0 1 1 H 5T B . 38 18 1R 4 3 B2 s i
AE T R, T ]38 A AN R DU 4 R e B0
% 6 L-CSNet EMDC W& #IiH AR & R

EMDC #1t SR/ X10° A~ MAE RMSE
WiZy % (e=1/3, SE=on) 8.95 3.36 4.61
=43 (e=1/3/5, SE=on) 9.96 3. 04 3.94
PU4y37(e=1/2/4/6, SE=on) 12.8 3.10 1. 23
=4y % (e=1/3/5, SE=ofD) 8. 32 3.41 4. 69
=/ (SE: FC ¥t Convl X 1) 10. 6 3.16 4.31

88 45 (255—>192) 10. 2 3.24 4.52
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2.3.3  iHECk LA R ekl a
WM& 7 i, CounterHead 96 3 I (64—>128) JF R4 THERE , 45 R BR  TAE S A G N, 98
B 55 5 R IR 3 280 . GeM-pool (Generalized Mean Pooling. |~ U521 WA B T GAP, S B H g H R
RS T, EAEBEEY R, AvgPool ,., R, RN T2 MRS o S8 ELER, &4
s GAP + Lineard W G R0 THECL %, PR HER .
7T LGB EREMIRER

Tk 5t 1k R ZH /X 10° A4 MAE RMSE
GAP + Linear (256—>64—>1) 9. 96 3.04 3.94
GAP + Linear (256—>128—>1) 10. 1 3.32 4.03
GeM-pool + Linear (256—>64—>1) 9.96 2. 90 3.93
AvgPool 2X2 stride 2+ Linear 10. 2 3.06 4.21

2.4 FEASHAOEIFEE
B E WX I L-CSNet 5 CSNet, YOLOv11 P& TransCrowd-GAP fE/NZ X A T ERE ST, RAT
Grad-CAM ARt sl R B — 2 B B2 TE B I K8 3,

AR %

o »
<

a. [RIEEER b. L-CSNet c. CSNet d. Yololl e. TransCrowd-GAP
151X 2 7 B8 8 VR DX R A T
B3 AREMHEEARNE

W 3 i, L-CSNet By #R I 8121 8 XIS ol 28 o5 22 B R0, X2 . H 846 15 e i QT AR,
X F W] EMDC #8 rh f) SE 58 18 7 207 68 9% A R0 1k 22 1A SC T8 8 JF 4 ) 75 5t T4 . CSNet iy A 77 &1 %
RBAL T YOLOVLL, BT 5 % B DA A7 78 38 20 75 5t X U8 3 006 A9 5 00 . B W1 - MLP-Mixer 45
e IG5 T AFAE— € R, YOLOvI1 52 BR300 FEAE S50 ML ], #4181 % 2 Dl s e 22 41
R, SRS AR R E R TAES 2B T, X HESZ N ER T 8. TransCrowd-
GAP ) RS 7 2 JR G W B or A, (HAE R R JREA N L EBE AR, S5/ E
Tl T 57 D 55
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Zi b, L-CSNet fTEB Y R N MIERE N i o P AUER , BB A 2B 5H R, RIAMLTH
flxF PR AR
2.5 EMDC &R & R EHFE A 4L

e EMDC A5 3 if A [6) 52 1 3 1) 43 SCFE RRAE S b AR T, AT RRAL 1 3 AN 23 SRR I 7, 25 2R 4
Bl 4 FiR .

a. JRInER

E 4 EMDC #3R7 [B I ik 2 43 32 59 45 4iE i A7 [

B 4 TR 2 e=1 WF, 70 32 OBAZBF 5 X5) BYRFAEma 0, 46 b T A2 Bl 4 . S2 E B, BEAB A 2 /)
RST 2SN e=3 BF, 4032 CGFRAZ BF Oy 13 X 13) 1 i i 46 rp 1 B A 22 A X3k, 3 i v 3 RSF 22
FERYFFAESR I e=5 WF, 70 CORZE S 21 X2 Dy W B s AR A M )Ry , REE R fO S 4 1, =
HREE G, EMDC BESEE T A0 R, &R 2 R R E AN, X & L-CSNet 75 % 83 57 T MEREIL
A AZ O R

3 it

AR SCER R AN 5 /N2 BRI BT 55 b i A 8 . A R AR T AR A 2 e e DL S B S S Y Pk R, R A
T MR OB B M4 L-CSNet, 1% M £8A5T R 33 17 X 0 5 HE B3 285 B8 18] 25 o7 B8 b T I A, L5 18145
Gt Bbr 2 BRI o8 ol 2, 3 BRAR T B0 A i A

TR 22 N B K 3 B CEMIDC) A58 e S 24 SC A0 20 B 37 o 3% A58 B3l ok O A7 2 ik o FR 5 3 3 1 3 AL
Hl . SCE T FERAR M S BR T X 2 RN 2 B B A AR . A TR 2 GWHD Bk SR
FW], L-CSNet 76 1 HORE B | 455 700 42 i £b R0 4f 205 1 O 1 BUAS T P45 . 78 GWHD 08 48 1, AR Y 45
SRR OL T BUA 0 B B A B B O vk, BB S R IR R 4R 2 9. 96 X 10°, 5 GPU L5
BT 120 FPS 19 5% Bf i 21 3 B ,

A SCTARATI SR AAAE AT LABGH 7 s AR SR 09 TARRK G b T LU R LA . — R IR R BLAAE A [ F
Py Canok R L SO THEUE 55 Bz AkBE s RS AR L-CSNet 5B AN EB S F SR EER, LU
L T 3t 1 0 1) 552 i) 1 0 3 B AT 5 R S S R B 2 ) 5 S T A A R, 4R TR 1 e k5 T
PR, A ERTHT AR A B .
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