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Table 1 Development stage, characteristics and key technologies of maize variable-rate seeding technology
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Table2 Summary of dynamic detection technology of soil fertility indicators based on near-ground sensing
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TN 1 ol S AN N sfz v
\MI I o *ﬂf mfmlj&?k Maximum detection Prediction accuracy AR
Detection indicator Detection technology q > Source
speed/ (km-h™) R RMSE RPD
TP " -
Soil Ojgﬁiﬂrg;ner VIS-NIR i 407 15 091 - >2.00 KEEON 24117
TIRA N A .
Soil Offiin rﬁatter VIS-NIR St 73 #r 2 0.90 0.35 2.90 KODAIRA %'
+ /3 - e
Soil ofaﬁiit?;bon VIS-NIR Jti# 3 3 0.84 0.73 2.53 RODIONOV %4
B " .
Soil Ofaﬁﬂi%bon VIS-NIR %43 #7 1.5 0.73 0.48 1.92 MOUAZEN %131
T IEHR .
Soil Orzaﬁtﬂrﬁam NIR Jti 53 #r 6 0.67 0.52 - CHRISTY!!
AR s g S
Soil or)zfli?r)r:atter VIS-NIR i 434 495 0.64 1.44 - o 0 2]
PR o g : : ;
Soilj;::efif Lri:ltter VIS-NIR it 4 #r 10 - - - Precison Planting-SmartFirmer*”
AR .
Ammonfumﬁkitro gen VIS-NIR ;i 4347 2 0.69 0.15 1.60 KODAIRA %13
HAH Y1 T sel13
Nitr:i‘;iﬁ‘ogen VIS-NIR St 3 #r 2 0.45 0.15 1.00 KODAIRA 13
Totﬁfﬁogen VIS-NIR St 43 #7 2 0.87 0.01 2.60 KODAIRA (13
Totaf[?l;f;ogen NIR Jei# 53t 32 0.84 - 2.62 JA )
R s A
Availabtfhi phorus VIS-NIR St 4347 1.5 0.69 135 1.80 MOUAZEN %0131
> 2l ﬁ“ -, ) .
Ava“ab%fhi phorus VIS-NIR Sl 7347 2 0.72 8.00 1.80 KODAIRA %"
s pincra KODAIRA (131
Electrical conductivity VIS-NIR F& 51 2 0.60 0.02 1.30 :
b FHL AL FELS DY 3 i Veris Technologies- Veris 3 150!'7)
Electrical conductivity U-FL B 5 25 - - - eris Technologies- Veris
CIRS R S
Electrical Coiuctivity EER AR VAT - - - - Geonics Limited- EM38-MK2!'¥
HLgE
EleCtrlC%;}_(EIguCthIty V?‘;f;%%ﬁ%ggﬁ? 20 - - - Veris Technologies- OpticMapper!'”!
Soil organic matter
528 . o 7 p s (21]
Electrical conductivity - H DU i - 0.75 - - RS
e Ha- e FE DU 5 0.73 - - S

Electrical conductivity

FE: ROAVCGE R RMSE MR : RPD AR M. .

Note: R is the coefficient of determination; RMSE is the root mean square error; RPD is residual prediction deviation. The same below.
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Y. bR REAE 5 DR 26 5 ) 39 g P R TIOIRS BE, alad
H— b M #E F5 20 (normalized difference vegetation index,
NDVD . 82 3500 55 SOOIk 1F Dy 558 8 % TN A 4l

S S A Sl PO ARE ZR 2 1 T RS B . KUMAR 2604 4%
NDVI. &FfE. WS G55 8 MNMatrfE 1%
AN S 4 Bh s, R [EDEA e B L@ TH T
AN T o 4l 28 7Y () b 5 G B T AR Y, AR Y
RMSE 4 0.196, HA RGHIMELE. FIHZ M HZEG
P TN ASE B 2 4 2 WS AR VR R B R s i B, i
i E MG B R T IR AAE BRIAN B R R, i
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SRBEITRE, XTSRRI D . iR
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FHEE, 25 38 o 1Y) 39 AL 77 5 b A 0 40 3 i A
BEBOR BAT ARl TR I A PE S, AT SRR AR X
S L IRAL S FR bR B DU B AR I, (HGZ, RIS 52 B
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Table 3 Summary of rapid detection technology of soil fertility indicators based on remote sensing

e s - N IS .
Tﬁ{ﬁ'\ﬁai‘m *L‘L{IJI»[J&* )f%‘%ﬁ_ﬂ]i%ﬁ/f Prediction accuracy ;EJ}T{
Detection indicator Detection technology Model construction method 5 Source
R RMSE RPD
+ 1 pi - , »r
smmzﬂ%@a FIIE R L 0.67 0.4 - KHANAL %1%
LA - e -
Soil organic matter LRI % ToL EE A A 0.68 0.84 - B
Ji‘ . EE R - X ) ) . )
Soiirﬁﬁiinr{lttter EZinoptidi BP % [ % 0.93 0.50 - | 7 2413
+EA R I L o
Soil of:fﬁiﬁr{;tter IR fRidge/h — 3k - 3.02 - HE
Totaﬁﬁ,gen R T IR BP i [ 45 091 0.25 239 Pl a2
Totalﬁiiﬁogen TR Pt 5% - 0.17 _ ek 0T
A
Availaﬁl;l)‘eﬁrﬁ:rogen LRI rd /N — 7 - 10.03 _ I 7B
47 R N )
Available phosphorus G E JE BP #1224 0.78 0.03 1.34 Wi 5%
Availab]i)fhﬁiphorus FICHIE i 5/ =7 - 9.91 - IRAZET
Availaﬁsﬁffassium ZhER SRR AL 0.21 0.49 - KHANAL %83
Avaﬂaﬁ;ﬁfwum T G R BP MZ %% 0.86 0.06 2.49 Pyt 20
Availaﬁgﬁﬁassium IR i fi /s =3¢ - 18.87 - R RPN
R oo ) ) s
Electrical conductivity A T R Wt HL AR AR - 1.16 3.43 1l
o [Eb i surd s/ —3fe 0.69 0.29 1.81 MASHIMBYE 44!

Electrical conductivity

2.2 TEEHERTESEEERIERAR
2.2.1 IR R RGEE T &

2 (AR A R AE CORN AR 7 SRR R R L,
ST Ja A AR 2 TR P S G 2R, 19 B BB R AE & 1k 7 1)
IR ATRFAE BB AR, T SR AS O 0 DX P At AR R
(¥ Ja e (B U b A 8 1 L A Ay Fe A A5 R R T R
RAG B, L2508 i 7 1) 4 {8 e A0 e % R AE T 33 R 1 5
() 3 A R AL R TR A S 4 BERE— 2D N T

FEAH FIBCR I CAREA T, 28 A A 7 2 O e 602
EALECIER ) SINESE S =N I DU G DR S e s
ENEE 4 Fiost 7. S8R 58 AN IR 1 75 125 R 4 1 2801
P AN LS R T a8 VR0 Eeif 7t . ADDIS %)
AR T 5 LML Cordinary kriging, OK) . [ EEE
A% Cinverse distance weighting, IDW) . % [] Ji& bR

7% (radial basis functions, RBF) 7EFi+-3Ffi. pH.
SOC FHi£ %% (available phosphorus, AP) Z5#5 b5 1k
ReZe s, AL b 3 BTyt REERT 72 MFEA sl AT
B, KA XRE VG DTkt Re, AR
OK VX SOC ANHFL 55 H (¥ T K 5 3 w5, RBF Xf AP
RS R 25 B 1R FRUIN A P2 5 1y, IDW S pHL R A F0I0 4GS
B, MARIANO 260 3 7 —Fh 36 20 (0 £ a1 U5 0 i
WLARMIEAE 7775 (quantile regression forest spatial interpol-
ation, QRFD), JFIFJ& 1 5318 v BAK ik 5 S B B AL
EWI LR, 45 FAR B QRFI 1 i i 22 bk At 4 48 5 v2:
IS 16%, AR FLAT S0 i Tl v i 5T HLAE AL 3 K 4
P I LA RE AT D0 5 o AR S0 U i KRR S
DU N T 2875 AH 45 A 42 H T BMENN 7% (Bayes-
ian maximum entropy method combined with Bayesian neural
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networks) , 5 VUH-Hr N TR 28vk . M0 or, B R vkt
FTXFEE, 45 R 20 BMENN v2: B A S /N Al 1 7 2 F0°F
WL R ZE o BRIGAE J7 VA0, EURE (8] B8t 2 52 1 46 (B RS
o LIU 200 5[] — AL SR [FSRFE RIS T (204 40
60 m) M) IEANUR . AR . R ST

SO HMEAERARL, AE 3 RS [ SR (R RS T BEALIZHL 7 A RAE
R I PRI 5 S IR R VAl IBURE 8] Bt - 358 )%
VESEDRS BE 2, SRR, A2 R REGEOR I AR N
RN HURE I RE A HLBRAE 60 m (8] B8 T (R (S
P, SHRCEBEETLE 20 m (8] F% T PR FEDRS B2 e 5 o

x4 BRIBRRMZERERE

Table 4 Commonly used soil attribute spatial interpolation methods

N EWIRES A 9= &V
Interpolation method Advantage Disadvantage Scope of application
PR S ERES BTG v AR (E FEAIR RO, A TR, s N A kA T B
Kriging IR L 51774 S AT 57 TR A7y ARG Sa A
SRR "y 1 s © Gt IR RN TRINEE - T 3
Inverse distance weight MECRHIZ RSO P 2K &R PN EER ] BT RREER
P AT Ny T TVEAGTHEE R, ANIEA e A A B
Splinc interpolation HHRTELT, S AER L ELURE b I 2 WA HOK 2 SRS
. TR AR B SRAN T4, (E DA AU /D I 5%
ceda v L BERIE S i B, ALK AL, LSRR S
P Y sne SR T AR £ 2 R, SR TR
H R AOA )% FE SEILFTI A J1 23 660 (R - ¥ sl R
Geographically weighted regression A UK S THEEAT SR R s R B R L B
R JEE T TR R A A N Ty
High accuracisurface modelling AR s EEEE 2 B
N AN 535 X RHE R BE JI 58, RERS O ST POV PEE, BN 2R AT AN R IR
Artificial neural networks BRI, TRRE P, &G A, sz I3AT I B H

Zr b, DLy HURS BV O AR 1A A GE (B 75 A S
BB 2 AT 8R 5 2T, (HEE T HLER 2 21 0 2 Ao o
(BT IRAETRNRS B2 77 T B A B 0% R i rE L
AR I i T M 2 1) 93 A1 10 e ZBTRR 90 A [7] ) 35 e 1k i
T A TURE R B AT AR EL TV
2.2.2 REFHERX5F &

AR FH T B IXCRI) 23 A AR AR 7 B R ] DAL O R AU g
P 7y AR 7 DRI R, AT R HE R A AT 52 .
AR FHE B XSl 7 3 A BH s U A S £ A 23 [X 5 ik

By MEE BRI AR AW K, H TR EE
FRX K73 R HCHE R B — 1) 38 R MR MR B R O B
RN W, PEEEANZIEEE. 55825
FEREEE, T 22 YR A AR B B O3 X RE 06 BE N LS
S RAS [ DX g5k ) FR) 22 57, AT ] AR 348 22 57t 1 613 5 n
EEEERNS, RREBIRAE R Dk, T2
I A AR TR R 23 DX SO E L. B B X R0y Tk 2 Y
Wi 3 DXRACR AR g — BB 3, H AR Y AR T A R IX R
Gy IT R I 5 TR,

x5 BRREEERXXSEERERE

Table 5 Common methods of dividing farmland management areas and their characteristics

EWIRPS A=) {7953 & FYE
Management zone division method Advantage Disadvantage Scope of application
k BMERRE L T B E>), JRBRE A, S e g B b e b & TR NP
k-means clustering algorithm GySEDL, A SR AT R KEARSHE, R BB JE AR HTﬁE‘JT’%ﬁ
R ¢ BIMERRE T B E>), JFEE R, SFHIAEAE L AU, WIMR RO ERTREERZE
Fuzzy c-means clustering algorithm GiSEDL, A AL T R T EBEA 2 G AN R B AR E R EIE €/ S
TSR 58 288 B2 TS, B, TR B B S A 2 ERTHEEME L, HAE
Weighted fuzzy clustering algorithm LB F SR e/ FERZIR IR B AT o5 A EE A ] (17 15
g g 1 ; B R4 R R 1545
BLF AL % M priiSesptiy o " A B
Particle swarm optimization algorithm %T%ﬁﬁ%égiﬁﬁf’%ij ];‘[ gﬂﬂﬁ( = AR SRR L
U U SRR B THERE T RIIBAT R s - s v b
Improved ant colony clustering algorithm 5;3’@7&5%@5%— . VNS BRI SUE LR -
EFNL p 87 o T R o g . . N—— e
Multi-scale segmentation algorithm S SR A E REA B i 8 & TR AR R
A 2L VAR 54 ST Sk SEBAR, TS

R 0 K = R
Iterative self-organizing data analysis algorithm K%?B??qu LM H A In S f o

SHMRS BB, FkERER

EIE, BEHIONE ARG,

X TR R XK 43 (R I 9 S AR R AR 4 X T R )
PERE VP A5 R4 X K H AR S B 5 . WANG 257 DL+
WA, pH. 2% WA E 6 FiE I AREEE, X
FHIRAURER) 38 S8k 0 45 B X R AT Rl 43, SR BRI M e 1R
BORE — A6 70 B0 € 73 X B H W 21 3 A1 X3
HAT T ZE 0 R & K Z LB B e 2 7, IR
WIS BA BRIP4 X RO . GAVIOLI % 765 F
2 [AI A9 HT (spatial correlation analysis, SCA). &

5347 #r (principal component analysis, PCA) FlZ% o4
[@] 73 #t ( multivariate spatial analysis based on Moran’ s
index PCA, MPCA) X FJ 5 A4< FHE 22 X 10 A4 Yt it AT 0
W Rt b, SR AR A A SR T 5 2 o R 0 M i
A 0 1 FOHE VR 1 J7 75 (multivariate spatial analysis based
on Moran’s index PCA - spatial correlation analysis, MPCA-
SC), ARJEHI IR ¢ YIMH R0 LIk 4 FhJ7 ik ik

2RI
Ja BIBERREAT 038, DT Z RN E . BORIPERESR R 12
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BB PR EEE 6 M e bt o0 24 kAT Ve,
45 SR 2 W A Y5ons T A B BE IR Rl 23 B5CR BE UK
223 MPCA-SC 0 1% 5 1) 73 RACR ey, AOR R
TEMX I E. GAVIOLI 201 Bl 3 Hef M i+ 33 5
i, SRR B AR BN E MG EAEIR, FH MPCA-SC
ER R AR B AT ORI, PEAL T Kk A TS B c 1
fE5R2E. McQuitty 7. Fanny 1525 17 M5 5801,
45 L W] MeQuitty v Fanny 25 KFEFE I FEAIC T 3 3
KRHEM R Z, HXSAEEAmEREE, 75X
Rty

&4 53 X J7 10 AR 75 16 358 g 1t Hc s - T8 1 725 [A) A oK
T, 5SE X 8RO R . sem AR AR,
B 0 5 T I A SRASE AR 23 [ A A SR R 9 8 B IX 1) 7 VE AR AE
BE R RS e B iy, X 7 2507 DL R A8 R B
H5EREANR. SKEME TR IR R K, #7
TR R R R o A A BRIX B 79k, JRa i sl
IR JEEFEY AR I S HOPAL T RIS AR, IR
T RE I EAG K 43 B X 1R 7V T A A RO B R
e TEE X R . A SR EUZ O X FR bR
FHMR T R, 3525 S T I T HR bR AR S R 2R
(1976 M B sk € sUHB AR #7772 (feature selection based on
correlation clustering algorithm, FSCC) Fi13& T — # 4 Al
SEREME PR AR AL J5¥% (consistency and integrity optimi-
zation, CIO), S5 KT ZE . fiifd s 2 Bk Gk
TR 1EHAT LR, 25 R K F FSCC ik faAn 1
S X SR, CIO fERFr 7 X RBCR I RT I T i — 2
DYERR, WEWRD T X

gr b, k WME RIS S ET N B 2 0 AR A EE X K
A7 KR AR E X R B R, il
AT bR it 5 7 V25 0 0k 60 2 B 1 43 X HR b5 v LA 20
AR 53 DX R AR ) I
3 HEEBEREKEA

R OR R E AL R RO, RIS
M5 S ERR A B R R ACR . [ A 1A R
WRTIENF AN R 2, ENEEFIRIE. AT E R
B PR DT E N AN TR B B Al b, A R T A
TROBIHEREL ., (a0 AL A8 2 S IR e o ik
3.1 BWERRFEMRINK

] A0} T AR B 3R e e 5 7 VR T FU AT LA R T AR
HH A B X ) R SR T VR AN TR ) e ST iR . BTk
FH A X R 58 7 v A K 40 AR EE A P X PR Bt bk AT
WM EE, FET R ST R i A S
T AR 7 5 3R A R A BCE AR R A i B R A

I it 7 T AR FH S IXC ) R SR Vo 7 5 Ak
EHXER S, ARERIELRESREENT A TFX
WU TS B R . ATE T AR IS E H A
MAL, WK X E N E R, e
JIX SR E A TR R, R ) X E R T
R, HAh X R R AR R A 2 LB E
SUEEAE TR, (B2 F UM, KRS Wi
FERAERIERX 2 5, EANFAE ) X840 B 4 il

W 2 IR I 4 R R IR S AR R
BeE R R, DLONIRIE R e S A XIS E, 54
IVEARLE, RO RERE AT EMSE, HlE TR
BRI Koy, SRR TR B R .
MUNNAF £ S48 5u 25 4% i 257 2025, LA SOM,
pH. JERCHE. SAER . T LA e BEE 8 FhiEbr AL
Ui, DLk BMERIE N X 7 2006 P HGaR 06 A7
HX K, RiEERAE%, U “HEEDEE, EE
R O R A E T DO R R R, SRS IR IE R E AL
77 EAEARES AT T 8 S AR RN AR B A 2k iR, ik
s RRY, RS T SR HCE VR s AR AR
PrTE AR = & B B B, 2 Hls B A i A E
FRAI 52 B AR Fh 2 BIBRAK 2.5% 5.7%, HALHIAR P B2
PR 4.6% 21.3%, BT AR USCN 2 Sl B8N 5.8%
A 52.8%., HORBE 2511 5% F %Il 434 B2 [X {9 J7 2% B2 7
FA AR HL X (1 FOR IR AP AT AL, KR BRI 2 S v
X P XA~ X 3 AN HEIX, DUE R &G &
FERRANVE X A TRENLIX 43R5 . &R LA 10 000 ii/hm?
NERFE, M 50000 Fi/hm® 30 ZE 90 000 ki/hm®, FHH,
70 000 Hi/hm* 2 5 % A&, IR 560 45 SRR W A 1
SRAT B v R ) I ELR B N E R L A IR R A b e
31%, SHMBEMEL, A A ERE 1S thm’;
15 R B ERAS B v 7 i 10030 L 9% O T A 1 A
fih B3N 13%, S MERAAL, SO T
0.9 t/hm?, 3T A& [ B X f) 4 £ vk 556 7 90 LA i 1)
T, BRI AR R VR T BB AR L A £ 4
X LR AT R, FERF K piAE, IF BB
) [X S5 B R R A 1

e IR T AR A E X SR VA E B, SR
FhE RS RSE, JFR T HE TR ISR EM . N
PRI =R ACE 244 T K= R 6P = 102 4 B,
DuPont Pioneer F 12 ® 3T T KM £ KRR, 78
[F]— = KPR HBER R, K 5 B 3% P 2 (1 188 o 2 3
Je NG BRI IR RO R, AP LE B R IR P R AR 15
Bk AL, BRbZ A, EANF LR K B
AR M S A 2 T L 4 R0, 7R —
FERACE IR, AN R OK SR B AN [ () B A A
BE = R ACE RN, AR R s R R R A R
BTG, FES PR A 2RISR

PLEAFFCIE B 3L IR “ IR Sk, 38 B R E R
K7 B D5 D00 A7 o o P A ATk B R = H .
R AN B A % 2 B 7 KT B R A AR HEA T 28 1) 5
PERIE S A TE v SEBLAR B RS B vk 5, 0 AT - e A
NG BAEREREREREHT . LICHT 2501 g F 3 Fi i
SR T KGR, Lo ERE— SR, 3
ANRIE Hh 5 4% R S AR R AR R EE ST R T 3 1%
IR, JEHE T EENE. MERHE. FRESE
K= B 2 ) B AR A, 3 B 2 A AR 6 A [ A [
FAR M RAERE AT, HACEBL T XAk 3
DR FEEG IR RERAL . 52 T8 35 EIFARRER
FMBEEEE=EZ MPRR, HIMEERE T EH
AN B G T P T R T B SR T U P R E I
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ZFEH . ZEHE Climate 2 7 F A 82 73 A58 Hb i 1) £ Him
AL T ROK AR R SRR, DU LR T
FieldView &b J7 B 557 6174, %°F & Al 5 John Deere.
Echelon %5 10 42 F R R HLA 7] S 7F 4L 2 e @
HERFE. PR, SRR E R SRR A TR
BHESCRE o TR I PR 3R 5 ik T S IR A A 4 R TR A
R, BORBR BRI A = g, B @R
AT KA A B R, I FLA e b 2 i s SR AR A L
I S S A AR A DXk, Ty i B DX ) e
PR TR

SEAMEEE, A 3T AR ) T K A% R o
AH R T A b, B T FEPR SRR 25 P K= & 11
ST T, 2R O R R N R AE KA E
M= B, CURE 828, fliZET 3 5% 7 M E KN
RIFPEL, #1477 LL 60 000, 7000, 80000 90 000 #4/hm?
A4 AP 2 R (AR, IR A AR, BE A P %
P3G N, ZSFRFER G, Bk RV, B
Prs 38 RIS IE NS N S, AF AR R %
i BRI O . RSB EEUO DU B 958 25 4 Fh
KARIEA BHE 6 DN RIS AT T 5 MR A2
FE R REE, RIGEE KRB, 4 P EORFIE % 5=
R 2O RO, F—FE 2% EA R
b KB EREE, ASHEEN RKE T EE K
S AR A

N EETTE AN

. (AR 5OM) |

E 85 (ST) E Va={Compact, flat}

; ' |SOM={VL, L, M, H, VH}
! VSRR (Qy) ! ST={Sand, loam, clay}

' H Q~={VL,L,M, H, VH}

3.2 TEIBMRERZE
3.2.1 A TAEMARIR G R R T &

AR A 24 F ] PN & ke 3R 7 VR B S BDIR, R HE T
PRI 1) 7 VR AT # o e SR 98 0 V2 A J I 1) P S 7
PR, DR AR H AT O PRSI R A IG5
HH 3 T AROR HE ) R SR i

TORMIHE R R G B AL . R P . RN
HEFENUFD RSO 42 T 2R, ASORYIHE 2R 1 o 72 B 4
WRAE PO A0 . 5 T D) ) RS0 B A S B4k 3 AN i
FEUTT, BT BOBIHEFE (0 3% = e s B W B 1 foR,
SEARAE A ST T 51 T b 15 FE A S U R AR 4 AR U
R KSR, AN, LT E NN E,
FhEAE R E. PRETKETEME, BEMEKIE
HEME; AV ESNLIREEG%E, R ERE; %
tE R, LAY REREERL%x ik
ANF S HOHAT R R ERE X KR K XA
KiEM (compact) v “FEA (flat) 2 F; FHHLE =
(SOM) 73 AMRAE (VL) AR (L)« (MDD, & (HD.
e (VH); E3EFiML (ST) 40 Wb+ (sand). HEL
(loam) + Fi 1 Cclay) ;s WIEFER (Qp 7 NI
e H. &L WA B XESRREIRFEREE R
— Mok Ft E SRR SN = AT R E R BT XA
IO RN, SR A Mamdani $ERE VL3R THERE,
K O TR AT RN, S RIRARE B R,

VL L M HVH

i VLACRIAR; LACGRIR: MARKS; HARKS; VHAUCRNE.

Note: VL represents extremely low. L represents low. M represents moderate. H represents high. VH represents extremely high.

B R TAEMEREGEE AR A%

Fig.1 Seeding rate decision system based on fuzzy inference

3.2.2 AT EEaREEe) kR ik

BT AU HE L ) 1R SR TV BARTR AR R, (SRS
P ERE R H 5 32 EMZR AR, BT 2 et
OUESLHE R R, R, AR 1T A G Y
I3k, NS RAT R R AR S % .

b e SR 6 P B A KB i D R P Bt A HTLAE I 5 vk
FE 70 & BERUR H A B 21 il B8 N T & 2 A A
[ 66 B B AE 3 DX 38k, 2 %% AN I JT 86 B2 TF e A [R] e %
PR E R . 6 o S8 7 SR ] 20 9 i et s ik
B RN IR A ML/ XA Ry e AR
JEAE R IR R A N THER . FRR N XA okl
FREEIAT, WA 2 FroR . B SRR TOKE T X HURA
RS AGARFAE R e L, AT 35 11 (0 90 ] P T i e B3t
P JESBAR TR AT 5] RO

W AT oG X R R > CRIEA P, B
PR R AR AT HORE R & IR 4 3R 4 4y
A, BERE IR Aol MRAE K50 B S ik
IR o3 AT LA TS e B 04 JIE 0 6 B B ) 2 T AE /) X
FFHEAT N AR R B4 21 of i A F) s P 34T B
FEURE . 2RI S o0 A R R BE 155 2, e AN R AL
I AR X s AEAS [ JIE 0 2 4 1 DX 3k o Ao /)
DXIFREAT N A A 82 K B IR AT 1 I A b v
ANEHT, 2 S PR B ROK PR B s TR AR B
SZIERRA /N DX B T AP A B 5 3 AT B AT I 7
AR R SRR B R I SE . oK
it P R e, SRR Ge vt T i S = 2 1]
RIBCARRY,  SCELRE MR RS R 3R



5% 9 FEIRRESE: FORREHER BRI HOR 53 %o fi et e 9
EawE s | g PR R A T SRS A 3 T AL
— I PRS0 TRAFEA RSP R, U R 2T

. - - F T EL R0 ORI BRI ST R, DR
<« [ | | B FHR R AR T, TR

R FEE TR o
[ . W [ﬁﬁmﬁit]

[Wﬁm#]«—{AIﬁﬁJ«_{%EgB %%giﬁ

NETT 22
T N E

B2 $%FRREE KGR

Fig.2 Design of field experiment for seeding rate decision
3.2.3 ATFMBFINAERT %

LT T ()50 ) e 58 07 v 7 AT K I 3 P Bk
K, WK Z, RSEHE R, R E AN AR
BORMET I FE B PR . v ik Bk e, $RH T
THLAS Bk F Tk, Fe A H ET 2 BT BCR A
WL~ 2] S A S R SR

MHE LA &R, EFRARKE. EFHNeK
mEG AEFEHARR. BACEHE. B E. W
TP SRR A B, (E R K R TN AR
R . R RIS HdE R o I g SR SR AN AR
I B G SR T %, 1A P I SRR B A 22 X 2% 1
FRE A, DOCIRR . BUR. BKE. REEA LR
MALE . SRRV, DR ORI I g A G
HET IR 1 K e B AR L, e LR
VD7 B TR R (1 i N AR B — A AU v A
N ST LR BN R RO AT RE . 2 T AR A
AR FUAE A WU T LK™ BB 4% & 1AL L
KOG . BUR. Bk, HEIEEARE SRS L E N
EHRBE, B E R A LR A A
BhJE, A T oK 7 B AR LB AN [7] 5 WL SR 5 o
IR R AR, AL A T
O BEAT (1R 3 M R ST LB AR A - R OR R
M B f (A A B SRR, SBT3 LB
FORARFPE R

B RAL

L

(RS

K=
e

a. R R TTIALTY oy 2

a. Construction of maize yield prediction model

KA HHLR-

i

Hep R

[ESERITES

K=
PR

b. AU R B AR

b. Construction of mathematical model of soil organic matter-seeding rate-yield

B3 ATEFI T ARFERAME

Fig.3 Construction of the decision model of seeding rate based on machine learning

4 BER/EFITHEAR

AR A b DX 358 3 AT 478 o P R v 18 4% 2 I it A% 2 7% o
MR, R REACRE R ERM LR E. N
S IR P AR bt i sk B RHR o F % R A, B Ab
RHFFHUAL R LA T R T 5 A8 S 3 b 2l RGBT 7%
AATLE A [ P 408 B 3% R4 ) R G T BUIR i S L
XoF 7 A A 45 T A TR 1Y) B b L A B S B R
LB AN — B0 1) R M SRR AT B G5 R Mt
4.1 TEHEMITH RS

A B P4 1) 2R G5 S B RS HE TR R R,
B AN B A, EHs. PEEMARS. BT
DA T R 8 S 30 Aok S S A R Y 0k 57 U Y D 9 o B A4 2 R
ZE[E Precison Planting 2 7] % T 20/20 SeedSense % #l| #%
JFR TAEE MR RS, 20/20 SeedSense F2 fill 2% i i

Ul GPS 15 SR IR A AR AL B, I FieldView
Sz O A 6 A B R AP R, R CAN I8 R FE Fh
BN IR ARSI A, R H RS IR F AL S %
T AR 2R G0 FH B 42 ) 4 ST I 0] 6 R 5 B
TR, KA CAN @ R E) 7 XS B A AT 200 R &
J&o RGPS T A B AR E A CLAN,
WaveVision 1% /& #8 . DeltaForce /% /&% #% . SmartFirmer 1%
TR 55 AR ) 4 A T 4y ) S IR AR T A . R
N E FIR I DA R B T4 AR i AR B R AR, 5[ John
Deere 23 74E 7 (] SeedStar™2 FEFh¥5 ] 245 % GPS.
TIE A HL AL ES 3 Bl 77 X, Ot AL RS R A
TIAE GPS I EE R, M GPS BHIAEE EKETT
FEIT ] N 4E 3 Rt B AR, BEAb, ZdEH R G0R W
JE ik R BN HERR RS, SR FH e o A SR 2 A W 5 38 e el I 5
I iteh il g, SEIURUE Sk i) P IR FE I



10 flk TR (http:/www.tcsae.org)

2023 4F

B LA b A AL AT A0 b B 7T 1) F) 6 2 A 0 A e s ) R
Gioh, AR Al AR AR SC Ak B 2y 93 1 2 AT B R e A
A, W AR R R A ) R AR O—E S, R
W5 1. @R MR B BOREANE, SARPLA
BCEAEH, PSR AR AR, 0 b iR AR ik A 4
PR EEAT BAE, WK 6 PR

® o ESMEAITAE T EBMIEHIE X~ R
Table 6 Variable-rate seeding control related products developed
by foreign companies

*®7 EBIRHMARGRMIE S XIS
Table 7 Comparison of speed measurement methods of electric-
driven metering system

Wik Tot TR E

e i
Schematic

Product .
diagram

A=Al
Manufacturer

Main characteristic

. PR Ao, T
Trimoie' FNGIQ (L0 | DR i, it %

. ; R SR
Speeg:lr;:rsltlrmg Iﬁits;lgct:rcl)n Characteristic Reference
GERTRIER, PRBUDN, 223
BRI b NEhE: R, WO R, H 9203
Hall sensor SUERHLLE MR R R R D2
M, T AR
—— e ) e ONEREER, RREIIE, 5
iy LISV ik BT [o4.05)
- oA o I e S E (N4
ik MRS =, DT
RE.;dar IR W, AR, [96]
& TR
PRSHRG e R UHOR R, ANZ
Satellite ?ﬁh%%&i; RATIHE, & [97-99]

T IF i A A

navigation system

. RS
[k B & kG A e b
R Ihfesl, ERrsEE 8 il
Topcon™  System 350 AR GER. w525,
32 JE@IE 1) E 2 X Bl LA
B A RS B FE TR

o) BRI BT
8 L EEIX Bl R
il o B2 S N A Th

AgLeader™  SeedCommand

Al ISOBUS 5 HAt 4,

[90]

Raven Viperd+ W& M SRR,
AL S B R AR ARAS
MicroTrack.  Proplan WG, BfERe, ATt

TSRS A o )
AX Befzsil o

Systems”' FRE{ 5%

0T B AR A e 2% IR A RS A e, ) AR
VRNV F I F R SRR L A T7 I R R S5 A% DR
Wl H D, T RGP RO B MR 6 R SR
R Py 2 ZEA R BEAS I HE b 25 3K B0 5 3 L 4% ) 3%
255 SRR A A 45 T TH K PR BIR B R 4 ) R 4 R AR 0T
A b3l P A 00 2 LB HE A R G O AT, X E N
WHERR R G Ty AT B A, R T PR . ARk
ol 28 43¢ 10 0 ek 7y 2 A R R AR AR T L i 2
BTN LR R T E A R G 4 AT
R B R A% SR B ) 28 2 3 M AR B LA
BRI (175 3 55 3 B R FT I (AR T B A AR
Zo FUGEHECY Bt T — P B RS 2O R ) R 4
5 HAMBTFEANR, %500 5 S8 I I il B A A A
MR, B SE I B AT A, ATV Bt
FEAT U XA s FEAS I A2, 3R T AL T A4
MR, AN, BT BLD EE LA ARk B 45
REOK, 5 SEEEMIREAZE . I RN A
EARYE T OERE L, ER A AR 75 2O AR B
RIS R BEAT I, M0 I A . gt DAL 1A
B P # AR T LAERIA . GPS AL b S R G ol
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Research progress on precision variable-rate seeding
technology and equipment for maize

DU Zhaohui, HE Xiantao, YANG Li*, ZHANG Dongxing, CUI Tao, ZHONG Xiangjun

(1. College of Engineering, China Agricultural University, Beijing 100083, China; 2. Key Laboratory of Soil-Machine-Plant System
Technology of Ministry of Agriculture, Beijing 100083, China)

Abstract: Maize is one of the most important cereal crops in the world. Maize production is of great significance to alleviate
the world food crisis. The maize seeding rate can be adjusted during variable-rate seeding according to the spatial heterogeneity
of the farmland environment, which is an important means to break through the bottleneck of maize yield improvement and
improve resource utilization efficiency. In this review, the variable-rate seeding of maize was summarized from three aspects:
the accurate acquisition of soil fertility indicators, the optimal seeding rate decision-making, and the precise control of seeding
rate. The research status was also outlined on the rapid detection of soil fertility indicators using near earth and remote sensing.
The spatial interpolation methods of soil attributes and farmland management zoning methods commonly used to accurately
express the spatial distribution of soil fertility indicators were summarized. An emphasis was put on the research status and the
advantages and disadvantages of variable-rate seeding decision-making methods based on farmland management zones and
models. Based on the research ideas of developed countries and combined with the national conditions of China, three seeding
decision-making methods based on fuzzy reasoning, field experiments, and machine learning were proposed. The structural
composition and working principle of variable-rate seeding control systems were summarized in the developed countries. The
research progress was reviewed on the electric drive seed-metering system in the variable-rate seeding process, in terms of the
operating speed measurement, seed-metering device driving, seeding delay, and the compensation. The research gap was
determined in the variable-rate seeding technology between developed countries and China. The research priorities and
development suggestions were proposed for China in the field of variable-rate seeding of maize in the future. Developed
countries were carried out the extensive and in-depth research on dynamic detection of soil fertility indicators around spectral
analysis, electromagnetic induction, and current voltage four terminal. A variety of dynamic detection equipment was also
developed for the soil fertility indicators. However, China is still in the theoretical research stage of in-situ dynamic detection
of soil fertility indicators at present. There was few relevant equipment to realize the dynamic detection. Multi indicators high-
precision collaborative detection using multi-sensor fusion has been the development trend of dynamic detection of soil fertility
indicators. The Kriging and k-means clustering with the geo-statistics were the most studied and applied methods for the soil
attribute spatial interpolation and farmland management area division, respectively. In terms of optimal seeding rate decision-
making, the seeding rate decision-making on farmland management zone was still occupied the leading position in the field of
seeding rate decision-making, due to its simplicity and strong regional adaptability. With the deepening of research on the
mechanism of soil fertility affecting maize seeding rate and the continuous accumulation of experimental data for seeding rate
decision-making, model-based precision seeding rate decision-making methods will be expected to gradually develop in the
future. The variable-rate seeding control system with a controller as the core is the carrier for implementing variable seeding
operations and is mainly composed of a human-machine interface, controller, satellite positioning system, communication unit,
and seeding unit. Developed countries have realized the various variable-rate seeding control systems with different
architectures. The main research was conducted on the electric drive seed-metering control system from the aspects of
operation speed detection, seed-metering device driving, and control system architecture optimization. But there was no the
core technology of variable-rate seeding in China at present. Much attention can be put on the dynamic detection of soil fertility
indicators and the decision-making of the best maize seeding rate. The precision metering and electric drive metering control
system of maize can be developed for a maize precision seeding unit with the high seeding quality and response speed for
variable seeding operations.

Keywords: maize; variable-rate seeding; seeding rate decision; control system; agricultural equipment
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