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ABSTRACT

Timely and accurate price forecasting is one of challenges in agriculture. It helps both producer and consumer to make
the efficient plan. The inherent nonstationarity and nonlinearity in price data makes problem in forecasting. A single
forecasting model may not be able to tackle nonstationarity and nonlinearity, simultaneously. With this context, a nonlinear
hybrid model called EMD-SVR has been proposed to deal the problem. The empirical mode decomposition (EMD) deals
with nonstationarity by decomposing price data into a finite and small number of subsets. Further, these decomposed
subsets are forecasted using Support Vector Regression (SVR) model and aggregated to make final forecast. The
performance of the proposed hybrid model are evaluated in monthly price index of chili. The empirical results indicated the
superiority of the EMD-SVR model.
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U9 U9 Hied @1 33T AT1ahd © | Ince 3R Trafails (2006)

IR rff¥erddr faoty iR ifer fAwiar 9= ufeees g

A QI FEHAT H IR R @ oY AleRIREa

2 | SN, PN g YaMAA IUeH AR SR B
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HY IUE BT Jod YATFAH Th AT Hfod H1 7

IRATfAd BRIV 9 dffieeiifde Afed @l J8aR
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LT BT FIER HIY I Sl H A FARIN 3 |
URYRE IR—RI Bl 2RIl A oid b SATSIRURTE
PSS [ (31d) AISS (Engle, 1982), ARG
Amd () #Afee (Bollerslev, 1986) 3MMfE fdf-fzd
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R & & oy, wim A @ gae S BEm
A®T ead (T UA. UH) 3R Juie daex A3 (T
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T 01 o # AUl AT BT &1 | T a1
Tq H TP ST FHERT U B Bl ARG
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(Duan and Stanley, 2011) | T8 d R Hisd D TS
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HareE fafr v wei affr &1 e @ S sean
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fqafeq srar 21 59 Susell 4 Son s Are
BT (3TS TH ) 31K ifom a9y onfiet & | 2R,
THARIR & Aedd ¥, 3§ UH UH 3R JaeY B
Arsfeit iR wfawareft &1 Sl 2| R, ¥ o1 T
T AR RN & YAIGAT T BT She! DI
SGAT & YAIFATT DR & Y Hera H o b
AT § (Huang et al., 1998) |

Empirical mode decomposition (EMD)
faRad dre Samreier (€ w9 ffYy &1 awara
Huang et al. §TRT 1998 ¥ URT T TAIT| e ATAR
STl & By HeHIISID Qled AlS © Sl BB AT
Bigddl & 8 SR ¥ A U g R R € SR &
A A DT ST I & | STAS! ol IR—ReR
3R IR—pfad ST Bl T TRIAT 3R TWiial ST—2gel
@I BICT G 4 fqafed #xar 7 (SR dre bhaera
3R Uap 3ifcr S1aeiy |fea) | YRR die STdr sk
€ W $1) suAS! g faafed uRfa arsy ifRyeret
UCH © | SaTeRY & fory, @ fora & y, U Serie
S 3= smafcr 9T SR & Mgy wIT wfiet 7 |
STT = TSl &I M T e Qe T H SRITU fhar

\ dm) + rm) (1)

STET y, = ®Iel el ST, d, = Sl IRy 97T
Jrffc 3S TH Th 3R r = B IMIRT HET § TH
TATIReA, & A e g IR YARIGRT Bl ©
S e AT HPbd AT ST 2 |

My~ Qo * oy )

quf fqged & 918
Y= 2 dy * (3)

STT = 3Tg TH TH BT IR + SHfH 37a=Iy |

RO § UF S TANREH Hfshar - Sfearfad &

RO 1: y, & G (AT Bl gz |

TRO[ 2: HUW TAIAT U, T B o0 weritg Herfran
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TROT 3: {711 QIgey L, a1 o forq =iy f=ir ol
geRuleie & |

TRUT 4: A& UATETT Bl 0T PY: m, =

(U +L)
2
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RIS (T8 ) AR) Hdiee &1 99 @1 | 9 4 IR Ry ug fad=a=r

$TYC daeR Pl UHh Iod AT AR H 7Y Rl & gerte faaqwor

IR R aTE SfaRer 3§ YRae U =amd © | Aied i - .

QT RN H 71T 77 © AT FRIET 3R 9o HeH | mmﬁ;ﬁ:ﬁ?&?}i% W%

JFRTeT0T =ROT H, STIT P FIA 9T AT BRI & : :
, . 5 % forg SuanT foar
g & g e o s 8 s en 80TS0 T T
BICT SHg Sl AET b AR SO V8 T M srire g fopa o o | for 2 6 i s 1 o
SHH AT & UG BT Sife IR Al B AA—DRT o s (an¥eT 1904 — T, 2018) 200 ST fiig
& BT G fopar S | 5 AR ¢ 2005 B I WA AT TAT B | ST Bl
W R, el ST BT ol A AT AR T A qTferet 1 H TR @1 T8 8 | Hafta RSP—ger @
A9 HRaAT © | R AT waerT Pl e PRar © | ) iR Refora—tRe (@ 6) werr & e W we
R FUIE Jaex FAE & oy A= G foparr aifes Prefe o o ol gfie we o @
Y= 00)= W.p(x) + b ) gRepeqT ¥ 3TBR T fbaT o [T 2 | TS SRR
SRl W WR e Eﬁﬂ'ﬁmﬁﬂmﬁwqqaau (nonstationary)@ET@E@TQT@T‘TQHIJarque-BeraW&TUT
el Pl T & 3R b I1I% | Vel U T ol 3R ekl (qIfrept 1) = Y afiepei &b IR—3RIHIIaT b7 Hevd 12T |
BICT g1 WXPRUI & T 41 AR S8l FHE Wi & STh—Sac—Rb®HAT (Brock et al., 1996) TRIETIT
ferg YR THIBRUIN & Ae B SUANT fha1 Sl 81 gemie #, Sel & IR-ggdr &1 Sitg & forg SuiT
g ST H, AT TR TF 41 AR Hied,  fear war or | & € v qerr (diferet 2) @ gRomEr
faQIy ®U A &~ 41 3R SWANT fobar 1 B | ST 7 9aray o werr sifps SArelre s Hedl | Bel
IR Beict B (3R 41 Th) B SUANT STRIC BT g8 I | I8 I IRBUT BT IRABR R B 7Y

AeTgRR AT & forg fear war € | T Agd e fdar § fb qea el g w9 A
AIfeTdr 1: Ser, ReRdr wieror iR A=l IR & JuiHredd D |
Observations Minimum Maximum Mean Standard deviation Skewness Kurtosis
290 136.5 971.3 412.8 201.415 1.042 3.252
Augmented dickey-fuller test Phillips-perron test Jarque-bera test
(p value) (p value) (p value)
0.924 0.821 2.772e-12
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R 2| gafon, F1fe feel Ssg @1 oM se™ie
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ORT fI%eIoT RStudio # fhar 1T o | Uavs “EMDSV
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9 UBR, Y1 Scrie ¥ fafi= fou gy Niieid!
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TH U% 3R a9yl & ReRdr & S &= & fory
fopar wm e | arferat 3 7 wRietor & gRomHr BT quig
o T €| 31 TH Uh 4 AR IqaY AReR |
fir1 g1 ReR # Tt 81 U | U ARBId Tch
(@ TH T R Irqu) THdIdR gRT HiSfT SR
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qIferdr 2 sie— ST—RbHAT (ISTT™) TRIeToT BT aRomH |

Embedding dimension Conclusion
Statistics Probability Statistics Probability Nonlinear
66.089 < 0.001 106.523 < 0.001
51.709 < 0.001 62.327 < 0.001
40.525 < 0.001 42.372 < 0.001
35.129 < 0.001 34.132 < 0.001
arfaraT 3: 1 ST & faafed gcal &1 SaTs ST URIerT |
IMFs Phillips-perron test(p value) Augmented dickey-fuller test (p value) Remarks
1 <0.01 <0.01 Stationary
2 <0.01 <0.01 Stationary
3 <0.01 <0.01 Stationary
4 0.559 0.260 Non-stationary
Residue 0.99 0.985 Non-stationary
qITHT 4: SVR 3R EMD-SVR HISd &I JaIJAT U&2 |
Method Forecast period RMSE MAPE MAD ME
EMD-SVR F.-F, 27.228 0.021 19.627 58.519
F,-Fg 37.483 0.033 31.420 68.734
SVR F.-F, 73.373 0.078 72.580 69.984
F.-F, 78.918 0.050 46.041 116.450

R, 1 3MTS UH U IR 3faRNi & YaigAr~d el
DI THS! Bl J AT D T AR YA A b
forg <era # weqa fasam a7

IMg¢fed =ROT 8 3R =ROT 6 IO § TH S —
Tq 41 R A @1 MSe—sih—due Ufsfaefaferdy
B A0 B foy STANT fhar SreT B | A &) aR
TH—heH M &) Afasgarofl axar 8 8k eFTell IR
Hfaegarft & fore aaae SaTes B SiReT T | 3T
H ST & AT e-SVR IR HaH (3R &1 UW)
T Baed & w9 # ARa fear T fre @
fafer &1 STIRT IR gEaH WM Ao T fehar
TAT| 10— Hlce i AT ST Bl THRAT I T
PR B U fbar 11 | qaigAr &1 Jeeie &1 ger
we A9 WARR (el (3R W7 UH 3Tg), |9 Usdege
fefave (w9 @), 99 gof ufereraar Ffe @ T @ 9)
IR AHTH FfE (TH ) A B T (Das et al. 2020) |
BT IUYeh ARV H y AR Fr giafhar =R, i = 1..

AITeT 4 e wY A ST © b STHSI—vdiaR
Hied @ QaIA Aclhdl AMd AR Aied @l
JorT H wea off | 98T 9% b § tH € — U9 @1 AR
BT yaei= A1 disel qargad afer de i 87 o |
Ig IR SidT § b € 0 < Bl wnfiet aveh v
qY TR oY FHAT H FIR IR Ahd & | TRU—8 TH
R YaigA 1 FThdl TRU—6 § UH S — TF 1
IR YA A ATST HH T |

s

A P HE BT AR raTH g & § AR IE
Tiorele Upfr fdr QiR @mar &7 wIfad wRelr 2|
ITH I AHY fFAE B qoR IR oI FAER
|qag ¥ FE AT § | S, BIAd argAr el
ol g9 & forg Hewyol yffer T g1 Sfed
ERME B dTel S IU1E o fob 7 & fog a8 was
R AR & | A H o STTHRI doiR & JhT

.. N. N =6 3R 8 &I ir qR<Ifdeh AT 3R Y@IAT I
A B | T & ol T AT 3R BT SUIRT HRSD oRV0
6 3R =RU1 8 # AT &1 Jfysgarft o 7 | et 4
H Afedl &1 qalgar wee afofa € |

I feamH! iR marlRal @ Agg BRAT © | aHA
YT H, Uh AT dHh-db ‘S UH I — TH 4l IR
TRATAT T TR & | UgTraT SiedIor 1 AT I8
2 fF 7' IRE iR IR-Rer ST & 91 IR
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A & Sl YRURD Blel el fAfe=l & fory srquge
o7 | AGY UBel, UKTAd § UH S — UH dl 3R Alsd
T 9 IR—ER 3R IR—ReR ST sfaar &1 o8 wH
U 3R SRl # faufed wx fam| y_e faafed
e (IS TH Th 3R Ia9y) 3reT—3reiT JAgRal
3R AT T quid T B |

R g® IRHTd s (38 TH U iR 31ae)
g~ U A1 IR ATSION §RT QaIHM ST -1 2 |
JMRERBR, § TH S — T A 3R T AT YarATie
g AMETAUD 3R RN & §1 K gargaria
A P T H IRD AT fhaT 137 | IRATId S, 0
ST — T 91 IR BI yATaRiTerdT 3R aigHr e Bl
S Ul ofE STIC &1 SWART dxdb FATud
fpar T | 39 YR, I8 Fspy Tl ST AehdT ©
o TRATIT SUASITRAIIR Hied Y Hed QA &
1T ue uvTd USRI B FohdT B |

REFERENCES

An, X., Jiang, D., Zhao, M. and Liu, C. (2012). Short time
prediction of wind power using EMD and chaotic
theory. Communication in Nonlinear Science
and Numerical Simulation. 17(2): 1036-1042.

Anjaly, K.N., Surendran, S., Babu, S.K. and Thomas,
J.K. (2010). Impact Assessment of Price Forecast:
A Study of Cardamom Price Forecast by AMIC,
KAU. NAIP on Establishing and Networking of
Agricultural Market Intelligence Centres in India.
College of Horticulture, Vellanikkara. 31.

Bollerslev, T. (1986). Generalized autoregressive conditional
heteroscedasticity. Journal of Econometrics.
31: 307-327.

Brandl, B., Wildburger, U. and Pickl, S. (2009). Increasing
of the fitness of fundamental exchange rate
forecast models. International Journal of
Contemporary Mathematical Sciences. 4(16):
779-798.

Brock, W.A., Scheinkman, J.A., Dechert, W.D. and
LeBaron, B. (1996). A test for independence
based on the correlation dimension. Econometric
Reviews. 15: 197-235.

Chen, C.F., Lai, M. and Yeh, C.C. (2012). Forecasting
tourism demand based on empirical mode
decomposition. Knowledge-Based Systems.
26: 281-287.

Chen, S.Y. (2007). Forecasting exchange rates: Anew
nonparametric support vector regression. The
Journal of Quantitative and Technical Economics.
5: 142-150.

Das, P., Jha, GK., Lama, A., Parsad, R. and Mishra, D.
(2020). Empirical Mode Decomposition based
Support Vector Regression for Agricultural
Price Forecasting. Indian Journal of Extension
Education. 56 (2): 7-12. (http://krishi.icar.gov.in/
jspui/handle/123456789/44138).

Das, P., Lama, A. and Jha, G.K. (2021). R Package
EMDSV Rhybrid. (http://krishi.icar.gov.in/jspui/
handle/123456789/44898).

Duan, W.Q. and Stanley, H.E. (2011). Cross-correlation
and predictability of financial return series.
Physica A. 390(2): 290-296.

Engle, R.F. (1982). Autoregressive conditional heteroscedasticity
with estimates of the variance of U.K. inflation.
Econometrica. 50: 987-1008.

Guo, Z., Zhao, W., Lu, H. and Wang, J. (2012). Multi-
step forecasting for wind speed using a modified
EMD-based artificial neural network model.
Renewable Energy. 37(1): 241-249.

Huang, N.E., Shen, Z., Long, S.R., Wu, M.L., Shih, H.H.,
Zheng, Q., Yen, N.C., Tung, C.C. and Liu, H.H.
(1998). The empirical mode decomposition and
Hilbert spectrum for nonlinear and nonstationary
time series analysis. Proceeding of the Royal
Society London A. 454; 909-995.

Ince, H. and Trafalis, T. (2006). A hybrid model for
exchange rate prediction. Decision Support
Systems. 42(2): 1054-1062.

Lama, A., Jha, G., Gurung, B., Paul, R.K., Bharadwaj,
A. and Parsad, R. (2016). A Comparative Study
on Time-delay Neural Network and GARCH
Models for Forecasting Agricultural Commodity
Price Volatility. Journal of the Indian Society of
Agricultural Statistics. 70(1): 7-18.

Lu, C.J., Lee, T.S. and Chiu, C.C. (2009). Financial time
series forecasting using independent component
analysis and support vector machine. Decision
Support Systems. 47(2): 115-125.

Sugiyama, M. and Kawanabe, M. (2012). Machine
Learning in Non-Stationary Environments-
Introduction to Covariate Shift Adaptation. The
MIT Press, Cambridge, Massachusetts, London,
England. 2" ed.

Suykens, J.A.K. and Vandewalle, J. (1999). Least squares
support vector machine classifier. Neural
Processing Letters. 9(3): 293-300.

Vladimir, N. Vapnik. (1998). Statistical Learning Theory.
Wiley-Interscience. 1% ed.

Zhang, G.P. (2003). Time series forecasting using a
hybrid ARIMA and neural network model.
Neurocomputing. 50: 159-175.



