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Method for Spike Detection of Cereal Crops in Natural Scenes
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Abstract: The detection of inflorescences from the world’s three major cereal crops (rice panicles, wheat
spikes, and maize tassels) is a fundamental task in precision farming and cereal crop phenotyping.
However, accurate detection remains challenging due to dense distributions, significant scale variations,
and small-target in complex environments, which substantially compromise the precision of detection. To
tackle these issues, gated attention — DETR ( GA — DETR ), an architecture based on RT — DETR was
proposed, which introduced three novel components: aiming at the delicate tip features of cereal
inflorescences, a gated mechanism C2F ( GMC2F) module was proposed to enhance backbone feature
discrimination through dynamic channel weighting and cross-stage local feature integration. To address
the scale mismatch caused by differences in the shapes of cereal inflorescences, an attention upsample
scale sequence feature fusion ( AUSSFF) module was proposed, which enhanced the robustness of multi-
scale dependency modeling through 3D convolutions. For difficult small target in UAV images, a FPIoU

loss function was proposed, which combined target-size adaptive weighting and difficulty-aware
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stratification to optimize the performance on hard samples. GA —DETR performed better than the baseline
RT — DETR and five mainstream detection models on the RiceR dataset, GWHD dataset, and MTC —
UAV dataset, including rice panicles, wheat spikes, and maize tassels, achieving mAP@ 0.5 of 92. 8% ,

91.7% , and 91.3% , respectively, while for RiceR dataset reducing model parameters by 32. 5% and

floating-point computational load by 14.4% .

The proposed framework surpassed five state-of-the-art

frameworks in inflorescence counting on GWHD dataset, achieving an MAE of 5. 650 and an RMSE of

7.383. It effectively balanced accuracy and efficiency, providing a cross-species feature modeling

paradigm for the universal detection framework of cereal inflorescence morphology. Compatible with

diverse cereal crops (e. g., wheat, rice, maize) and data from different acquisition platforms ( ground

cameras, UAVs), it supported automated high-throughput field phenotyping monitoring of cereals,

further advancing precision agriculture.
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Fig.5 Training performance metrics of model on three datasets
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Tab.2 Comparison results between GA — DETR and other detection algorithms on all datasets

EE/E S T Y P/ % R/ % mAP@0.5/% mAP@0.5:0.95/% KiEIPIfE 5 HE/MB F SR
YOLO v5m 81.8 84. 1 88. 8 64.2 50.5 6.40 x 10"

YOLO v8m 81.2 82.0 86.6 62.6 52.1 7.87 x10"°

_ YOLO viOm 82.0 83.5 88.9 64. 8 33.5 6.34 x10"
ficelt YOLO 11m 82.1 84.3 89.2 65.2 40.5 6.76 x 100
RT - DETR — R18 85.3 84.5 90.0 65.0 40.5 5.69 x 10"

GA — DETR 88.8 88.4 92.8 69.5 27.3 4.87 x 10"

YOLO v5m 90. 8 85.2 90.9 48.6 50.5 6.40 x 10"

YOLO v8m 91.2 85.0 91.0 48. 4 52.1 7.87 x 10"

YOLO viOm 94. 1 82.5 89.6 54.4 33.5 6.34 x10"

GWHD YOLO 11m 93.2 81.2 89. 1 54.5 40.5 6.76 x10'°
RT - DETR - R18 90.5 85.6 90.3 48.7 40.5 5.69 x 10"

GA — DETR 90. 6 86.8 91.8 49.0 27.3 4.87 x10"

YOLO v5m 87.1 85.4 90. 1 55.8 50.5 6.40 x 10"

YOLO v8m 87.9 81.0 85.5 56.0 52.1 7.87 x10"°

YOLO viOm 87. 4 83.6 89.7 49.3 33.5 6.34 x 10"

MITC=UAY YOLO I1m 84.5 83.8 89.0 56.2 40.5 6.76 x 10"
RT - DETR — R18 86.5 84.2 90.9 60.0 40.5 5.69 x 10"

GA—DETR 87.8 84.6 91.3 60. 8 27.3 4.87 x 10"

7E RiceR ##i 4 I, GA — DETR 7£ i A $5 45 I
RIS, ST 88. 8% KT R (P) .88.4% M 3

M 2% (R).92.8% (] mAP @ 0.5 Fl 69.5% k)
mAP@0.5.0. 95, %} k. RT - DETR — R18,GA — DETR
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Tab.3 Performance comparison of models trained with

single dataset training and three-dataset fusion training

%
I E N Bn4E P R mAP@0.5 mAP@0.5:0.95
RiceR 88.8 88.4 92.8 69.5
Mz gk GWHD 90.6 86.8 91.8 49.0
MTC - UAV 87.8 84.6 91.3 60. 8
RiceR 84.7 84.2 89.8 65.5
A%k GWHD 90.5 86.5 91.2 49.0
MTC—-UAV 85.5 83.7 90.0 57.4

50 5 RRAE 25 5N RGN X A, 5 /N 22 6 AL RS
5 25 AR T R OK 0 HIOREE R 2 e 3 il I R A
TR 7K A ARR A 19 27 > % A9 i R 0 oA O R %o B K
A DO R DR 86 R R A TR AT R R 7E 84% A2
A7 MAE GWHD /)N 22 Ik 4 v i A 1 25 3500 I 5
UFFE 0.1 A 45 A IR TR 0.3 A1 43 8.
mAP@0.5:0.95 5 57 Yl 4 °F, Pk RE L T — 2L,
RBIG L /N 22 2 MR A (9 5 44 53 A s #E MTC — UAV
TR AL B A B R e S I R R [ 2.3
ANEAE B ZE TR 0.9 ~H 445, mAP@O. 5 1)
TRIFTE 90% , RS HEREHE TC A ML = 25 AR T B oK M
HEA /N B AR RHIE

BA5 1 2 02, i A 7R DA /)N 1 e 460 FE T
- RCEAER R - EYT R RIR,3 REY
mAP@ 0. 58% K B R AL 3.0 4> 4 & (RiceR 4
) HISLBUKERS JNEE  EORB BB, H W
I BT, Ry 4 2 AR 0 e 3 00 0 A5 £ 1 8 it S
PEIFBUE T Rl A IR 58 TSR 58 R M A Ak
2.3 HRLRIE

AW 5T B F RT — DETR J& £ #5 &, 5] A
GMC2F ,AUSSFF F11 FPIoU $ 2% bR %k 3£ 17 114 Fil izt 16
(F£4), HLHA RT - DETR LI T 85.3% WK
W%, 84.5% W 3 [l %, 90.0% Y mAP@ 0.5 A
65.0% ) mAP@0.5:0.95, {L¥ AN GMC2F 44 i
RPLT 5 85.4% , [l i 43 0] R % =5 83.7% ,mAP@ 0. 5
A mAP@ 0.5:0.95 435l F R 0.4 NEH A L5
A G, FBIRRAE 5 B AL LA /N B AR S
BAGE Ao, #Hph5] A AUSSFF & 3 $E7) i A
TEAR ST RIS 1.8 N % 87. 1% , f MR
1.3 NEA A 85.8% ,mAP@ 0.5 475 1.2
ANESEEIL 2% ,mAP@0.5:0.95 &5 1.3 4
Gy R 66.3% , [ H 2 RUOBE Rl G R BT AR B R
fIE s FPIoU 48 2k RE RO Je 28 1, mAP@ 0. 5 4 /5 %)
91.5% ,mAP@ 0.5.:0.95 # #& £ 68.2% , it H 1] %
PRFFFE LR (84. 5% ) , (A L3 2o 2h A AR ME 5 A
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Tab.4 Ablation experiments for each module

combination on RiceR dataset %
mAP@

RT - mAP@
GMC2F AUSSFF FPloU P R 0.5;

DETR 0.5

0.95
Vv 85.3 84.5 90.0 65.0
vV vV 85.4 83.7 89.6 63.5
Vv Vv 87.1 85.8 91.2 66.3
Vv vV 88.5 84.5 91.5 68.2
Vv vV Vv 87.0 85.5 89.6 65.3
Vv Vv vV 86.8 83.9 91.5 67.1
Vv Vv vV 87.4 87.3 91.7 67.7
Vv Vv Vv Vv 88.8 88.4 92.8 69.5

TV BRI R

e Ak A ] U 0KS BE

2 GMC2F 5 AUSSFF A 18 F B, 45 R0ORS 7 R
BIELART 1.7 DA 52 87.0% , H M R HLL
I L0 AN EH S E 85 5% , 31X £ B GMC2F 1y 3
245 38 3 AR O 2 HE L) M 1 4R Y B R AR
i AUSSFF (%) 22 RUBE fill & B (L 00 B A, A7 350 2
Ko 5 H W48 T 1 Y GMC2F 5 FPIoU 4 &

R RURE AR R B E T LS A E M E
86.8% ,mAP@0.5:0.95 3L 2.1 N EH 44
E67.1%, HIRELILLTHE 0.6 ME B HE
83.9% , Ui W] GMC2F 5 Ak 5C i FRAIE /5 , FPIoU 1Y Xk
JE 43 245 R R 0 Ak 32 B HE  AEL/IN R 52 i A ] 5
MEK A i | AUSSFF 5 FPIoU B, 3 [0 & F+ &
87.3% ,mAP@ 0.5 £ F+ % 91.7% , . mAP@0.5:0.95
FEZR 67.7% 50 0F T 2 RE b F SCHRE 0% 52 31 Pk 5% 1
HAR PRSI 8 o e 2 S8 SR RS RSB T e AR M g
K%K 88.8% , 13 M % 88.4% ,mAP@ 0.5
92.8% ,mAP@ 0.5:0.95 4 69.5% , 45 5| Lt 5t & 4
1 3.53.92.8 45N ES M, XEERAE
A 0L 1 e 4 T, B 3R B AE & 4 LA T AR A 1 A T
Yy sl , GMC2F () RRE e % L AUSSFF 1 22 RUEE JB A
1 FPIoU 2% 9 [ 3 17 813 R LA B[R] T4, 4 ih 45
o ARG T B

J WA 5 GMC2F , AUSSFF \FPloU 7£ Z {E %) 3% &
MG BC M, A 5T AE GWHD /NFZ \MTC — UAV £ K
BHE AR T i BB ml g, G O R — A S B
FEXT L SRR A R F 1R mAP@ 0. 5, 5E i P
REE #2710 (£ 5) o

&5 78 GWHD 71 MTC - UAV iR & F SR 5 008 Bt I

Tab.5 Ablation experiments of single modules on GWHD and MTC — UAV datasets %
GWHD MTC — UAV
RT - DETR GMC2F AUSSFF FPIoU

P R mAP@0. 5 P R mAP@0. 5

vV 90.5 85.6 90.3 86.5 84.2 90.9

vV vV 90. 6 86. 8 91. 1 86.7 85. 1 90.9

vV 2 90. 8 86. 4 91.3 87.1 84.6 91.3

vV Vv 91.5 85.7 90.9 87.5 84.9 91.5

VvV v vV vV 90. 6 86. 8 91.8 87.8 84.6 91.3

VE VSRR R B

£ GWHD /N 846 4 [, GMC2F ¥4 [ % 42
FF 1.2 AEA S mAP@O0. 5 $£FF 0.8 4~ H 4>, i
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H Bl HE J7; AUSSFF $% H [0l 48 F+ 0.8 4> A 43 4.
mAP@O. 5 27 1.0 7 40 58, D 2 RO Rl & L1k
/N BB RO 22 S 1 [0) & 5 FPToU RS ) <42 7 1. 0
A3 .mAP@ 0. 5 4271 0.6 A E 4, Hoad i i
b1 FEAE 1S 35 s 2 A 00KS  1
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RITE 0.2 A E A A FREET 0.9 M H A A
mAP@ 0. 5 {f £5 A AE Ui W L AE AN 52 ) 4% 0 K BE i
P& TP TE H bR A i 38 ; AUSSFF fii A 8 42 71 0.6
AT B RIS 0.4 AT 40 5, BilE £2 1 B
IR R 25 0 £ R oK B 40 B R AR 22 S 0K Ta) ALY
b s FPIoU (kG B 4R FH 1.0 AN 43 4 43 [l 3 3 F
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$TH, Ho FPloU XK 8 S 09 48 TH e i 3% (¥ o8
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Fig. 6 Performance visual comparison of various detection models on all datasets
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Fig.7 Performance visual comparison of various detection models on GWHD dataset
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Fig.8 Detection visualization in dense rice panicle

GA-DETR

scenarios (RiceR dataset)
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Fig.9  Detection visualization in occlusion and edge

scenarios ( GWHD dataset)
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Fig. 10  Detection visualization of general-purpose

weights in high-altitude rice scenario
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Fig. 12 Comparison of models on wheat spike count prediction correlation (GWHD dataset)
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Tab.6 Comparison of counting metrics
B 4R i MAE RMSE R
YOLO v5m 6.097 7.925 0. 887
YOLO v8m 6.361 8.393 0.875
YOLO v10m 6.999 9.293 0. 859
GWHD
YOLO 11m 7.109 9. 340 0. 861
RT - DETR 7.008 9.137 0. 896
GA - DETR 5. 650 7.383 0.908
YOLO v5m 3.863 6. 189 0. 839
YOLO v8m 3.832 5.551 0. 887
YOLO v10m 4. 628 5.918 0.768
RiceR
YOLO 11m 4.005 5.814 0.870
RT - DETR 4.747 6. 187 0.878
GA - DETR 3. 665 5.396 0. 889
YOLO v5m 5.597 7.168 0.853
YOLO v8m 2.667 3.494 0.955
YOLO v10m 3.699 4.754 0.918
MTC - UAV
YOLO 11m 4.160 5.216 0.901
RT - DETR 3.597 4.582 0.927
GA - DETR 3.323 4.207 0.936

TE MTC — UAV J& AHLR 4 19 £ K BT BT 55
H1,YOLO v8m 3 Bl i ££, H MAE (2.667) . RMSE
(3.494) F1 R*(0.955) ¥4 T HAL BT A R, GA —
DETR 7€ % £ ¥ % I 19 R 3L 2h . MAE 2R 3.323,
RMSE 3 4.207.R® 5 0.936, {i T+ YOLO v5m,
YOLO v10m,{H 5 YOLO v8m fF7E 2585 , 3% 2% B &1 %F
Te BTG 2 UG /I H bR 3 5 B RATY A AR A 23 1] o

MAKT S ,GA — DETR 7E GWHD f RiceR ¥4
£ LRI TR ZE G TERE, R 2 76 4% 55 Hb 1 R
LRGN EEREY) R A, REFE MTC -
UAV 4 46 R BUS S5 45 3 (R PR Re AT A% e T
THTH, I T ALz fhe

LIRZERAUE T GA — DETR 7 &2 2% H [H] PR 35
T T I A e R O A A PR A, R R R
AR PRI TR AL, BE % S B RS A AR
BN YRR 0 B B AR A AR T T 5
AR S

3 &g

(D) ABFFEHE T — B 25 S A 4 R 0 A )
BT U ——GA — DETR,, I A5 84 n] A7 &4 107 X 7l
RN R A =R 7/h o WDE Ak T g e
INFE KA TR AEAE ) Y RS AT 55
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