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Abstract

A stochastic mode ] ;
Srastid i ghls pl; ;,n(.:":;d);;f;;ma’ rainfall pattern in North Central Nigeria has been
The study classified an;olmr' aen Markov Model (HMM) was developed for the study.
possible . S ony o{{;«;ﬂlfaﬁ at a time into three states, eacn state with eight
ainkived maclmuss Ukalikood M was ' frained using Baum-Welch algorithm to
Model was implemented i ;-' after which it was used to make predictions. The
Resilts from Tocsitlons ':; ]l\il,"er, Benue and Plateau states of North Central Nigeria.
compared to location in letger and B?""e states showed some similarities, as
suggest one of the reasons th cau state with different pattern. The similarities may
in the country. The validi 1at makes both states the leading producers of food crops
ry. Lhe validity test for the model showed that, the model is reliable and

dependable. Therefore, results from this model could serve as a guide to the farmers

and the government to plan str 1 r ¥ r region. The results
ategies for hi; jon i 7
ssise i : gies fi ’llg’l crop production in region. t

idents in this regi :
‘ . 'gion to better understand the dynamics of
rainfall which may be helpful for effective planning and viable productions.
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1.0 Introduction

Annual rainfall varies in Nigeria. It decreases from the south to the north, rainfall comes late and not evenly spread across the
rainy season and consequently has adverse effect on agricultural activities [1]. In each year, rainfall onset and recession have
hecome a very big problem to the farmers and policy makers in planning for crop cultivation in north central Nigeria. This is
because rainfall starts early or Iate. and stops early or late in a year. These variations on rainfall onset, recession, amount and
spread had over the years !Cd_ to improper crop planning and cultivation, and it had consequently led to poor harvest. The
majority of the people living in this part of the country are farmers and rainfall is the major source of water for agricultural
sctivities. Because of the dependence of agricultural production on rainfall variability and quantity, and the unpredictable
nature of the rainfall in this part of the country, had over the years led to: improper crop planning and cultivation, poor
harvest, lost of income of the farmers, shortage of food to the country, hydrological extremes such as mud-flows, floods,
landslides, droughts and debris. It has generally reduced Gross Domestic Product (GDP) of the country there by affecting its
economy. In view of the above mentioned problems, the research, is aimed at developing a stochastic mathematical model
that can predict rainfall onset, recession, amount and spread within a year, this will help provides some quantitative

information to the farmers and government that could assists in boosting crop production and also reduce the danger of

hydrological extremes.
The research, considers the use of stochastic tool called Hidden Markov Model(HMM). HMMs are extensions of Markov

mnodels where each observation is the result of a stochastic process in one of several unobserved states. HMM has been
successfully applied in automatic speech recognition and speech synthesis [2], molecular biology for DNA and protein
sequencing [3], signal processing [4], bioinformatics [5], telecommunication [6] and in pattern recognition [7].

.1 The Study Area

The study area of this research is north centr
The selected states for the study are: Niger, Benue an
are: Kwara, Kogi, Plateau, Nassarawa, Benue and Niger states(8]

20 Materials and Methods

21  Hidden Markov Model . S : -
A Hidden Markov Model (HMM) is a double stochastic process in which one of the stochastic processes is an underlying
_———

al Nigeria. However, it is of three states out of the six states from this region.
d Plateau. The states that constitutes the north central geopolitical zone
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ye mode
olution 1s gOV€
not directly ©

Markov chain which is called the hidden part of tl
can be considered as a stochastic process whose ev
number of states s, S, i+ 1, N, which are hidden, 1.¢.
N = number of states in the model

M = number of distinet observation symbols per state
Q ~ state sequence

() ofll].,q““.,. P
O observation sequence
Q 0,0, 04000000 e

Transition probability matrix
A : {u”!
Observation probability matrix
B 0, (o N
Where p (@,) = plo, |q, =4,)
If'the observation is continuous a probability density function is used

+a

[, (o = 1

X {-.- 1 Initial state probabilities
A = (4,B, 1) The overall HMM
2.2 Formulation of the Model

In this research work, our Hidden Markov Model is based on observed data _of the rainfall in our s.t uy argas, Amoyy
ramfall 1s considered as state of the HMM while onset, recession, distributhn (spread) of the rainfall withiy
considered as emission of the HMM. As a result, we make the following assumptions

he transition of annual rainfall state to another state in a year follow a Markov chain of first order dependence a Presend

in [10, 11)

Fhe  probability  of generating  current  observation  symbol depends only on current state, That

!
PO1Q.4) =[] Po, 1g,,4)
-1

Rantall is said to start early if it starts within (January-March)

Ramfall is said to start late if it starts on the month of April or beyond
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bscrvable [9

]. HMM is characterizeg bY the ?)lwi‘h .;,_\
0 |0w i
i

1

(M

a Yy

(2)

Ramfall is said to stop early if the rainfull does not exceed the month of October of a year l
Ramfall is said to stop late it the rainfall exceed the month of October l
Let the annual rainfull be modelled by a three state hidden Markov model and eight observations, '

I'he states are given below

State I Low Ramnfall (raintall amount < 800mm)

State2: Moderate Ramfall (80 Tmm= rainfall amount <1300mm)
Stated: High Ramfall (Rainfall amount > 1300mm)

And all the possible observations within a year for all the states are given below:

Let

A (), (ramfall starts carly and ends early in that year and it

I ()_. (ramtall starts carly and ends early in that year and it is not we

C o O (raintall starts carly and ends late for that ye
D=

F O+ gantall stants late and ends late for that year

e

Foo O+ amfall starts late and ends late

G o Oy = amtall stants late and ends early of that year und It is we
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0 ramball stants early and ends late tor that yearand it is not we

s well spread)

I spread)

arand it is well spread)

Il spread)
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of that year and it is not well spread

Il spread)

) . -l
ociation of Muthemuﬂ‘t‘al Physics Volume 40, (March, 2017), 189



pr

” (Jl (mmfﬂll st b inte il eniln eutly Ton verr aned 1w et well i i)
sosuible transitions Bstween the states wnd heir smissions sre antiated i Figorel

(hel

b ( N J
adiwy) r A )
bodmg
Al n Batiilall
o b b
“ { W)
’I Heghy Bapnilall F, Ia.lu.r
. ey
Ii !m "
"*-\ bdu s O,
W l':d\ ?"' )
hidigg .(‘u )

()
{ ) { w )

pigure 11 Transition Fragrnin of thie Anpos) Bainfal) Ml
{umsition Probmbility Miteis foe 1 he afites

iy iy, H“
A iy i 4y (/M

"y tl 4y iy,

(R]]
Obseryation Probibi ity Milix
Do) Doy Do)y blog) bty Do,y Wto) Ilog)
W\ b to) bdog) btogy btogy o)y bo) bo) b,Go)
bloy) bytoy Doy blogy btogy bto) bylo) o) .
Pt ) Probblity Drstoibation
woln o, ony) m

20 Making Predictions With the Maodel

|kl ihnod bsedd Poedietion s nedogrted do s work T s et e paaioeters of e oda) gee iitinhized ten i
it Pninee Weleh algonithion fecntbends Mt Wkeliboed e Sopwited prebmbi by o thas aiing ebiser vt segus e
i caleulted fromm e 00 Ao e T s Porwird Aot (2, 1V2) To presihed this sl atates al tiine 1) wne e
abservation given thee grsent state al e 1w cidealite o probibiility For sach possibile obisseviations of the stutes,
et e saequence with higheat vl of e forwmd protmbility ol Gme 100 b bt o prodiotsd stits snd e obmer vt ions
Il predietion i e for e el e yoits ( nl Die 14, R TTITo  T

0 Results and Discussion
L Application of the model in Jos, Platenn Binte

Phe it el 1 1w pesenrc b wonh, wers collueped fronm e wnehive af s degartimwnt of Ceogisphy sl Flanming, Vaealty
ol Enviomisental Seiences, Uniyersity of Jos, Plateno atits, Migerin: Jow o the capital ety of Plateso siate from 1977 1014

Jowrnal of the Nigevian Avsactution of Mathematioal Physles Valume A0, (March, 2017), 189 194

1491



. hehu  Jof N
Hakimi and S AMp
pakar, H4
Lawm', Abu

Stochastic Modeling of Annual... ‘
to be tested , t0 achieve this, we i

r s 20 ' :
3. I‘.l Validity Test for the Model th of the model need o of the test HMMI using ther-e"*
Sntirg the model could be used to make prediction the slrengwc stimate the parat;'l ra"'fai‘-
dataset into two sets, one training set and the other test ﬁl;ﬂf 995, 1996 and 1997.

data from 1977-1994, then use it to predict annual rainfall 10f SOT—
ation probﬂhlhty

trix and the Initia] Proby,
Observ My

anm our dataset we obtained the Transition probabilily matriX,
distribution, as represented by equation (6), (7) and (8)

Transition Probability Matrix

0.0000 10000 0.0000
A=[0.0000 0.5000 0.5000 6)
[0.0000 0.5714 0.4286 (

Goservation probability Matrix

/00000 02000 00000 00000 00000 20000 00000 0000

B={1.0000 0.5000 00000 0.0000 00000 0.0000 00000 0.500
00000 03000 0.0000 L0000 00000 00000 1.0000 0.500 D

Initial State probabilities
x = [0.0556  0.5000  0.4444 ] (8)

9
A =(A4,B,7) ¥
Equation (9) is the test hidden Markov model (HMM1) _ . : 10
After 500 iterations of the Baum Welch Algorithm using Matlab, equation (9) stabilised to equation (10)
5 ~ -~ ~ B :
A =(4, B,7) (10)
where

0.0000 1.0000  0.0000
A =/0.0000 0.5000 0.5000
0.0000 0.0000 1.0000 - T
0.0000 1.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
B=109999 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0001
0.0000 0.6000 0.0000 0.0667 0.0000 0.0000 0.0667 02667 )

7z =[0 0 1] _
(13)

Comparison of the Predicted States and Observations Using HMMI, and the Actual States and Observations From ¥

Dataset

Predicted states and Observations Using the Test model (HMM1)

States 3(1994) —  3(1995) — 3(1996) — 3(1997)
l ! ! |

Observations: H B B B

Actual states and Observations from the Dataset

States: 3(1994) —  3(1995) — 3(1996) — 2(1997)
! l | l

Observations: H H B D
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. can be seen from the prediction time series, the HMMI was in state 3(high rainfall) at time T(1994) emit.ted
as !t ation H{rainfalf starts late and ends early of that year and it is well spread ) then make transition to state 3(high

ohsf:{n at time T+1 (1995) governed by first order Markov dependence, emitting observation B(rainfall starts early and
il ation is given to transition to state 3(high rainfall) at

early that year and it is  not well spread). Similar interpret
4 attime T+3 (1997) both emitting observation B(rainfall starts early and ends

en®® 1996) and transition to state3(high rainfall)

T IF' in that year and it 1s well spread). The comparison of the predicted states and observations with the actual states and
ff.,_fn:mions from the dataset shows 75% and 50% in states and observation prediction respectively.
Uy

Hidden Markov Model for Future Predictions (HMM2)

‘ :.rder to make predictions for the future years, the whole dataset (rainfall data from 1997 to 2015) was used to estimate the
o€ for 2016, 2017 and 2018 . from our dataset we obtained equations (14), (15)

meters of the model, then make predictions
ra S .
;d (16) respectively.

ransition Probability Matrix
0.0000 0.8000 0.200

(102100 04211 0.3684
 [0.0000 ©.5000 0.5000

(14)
Observation Probability Matrix
00000 0.1111 00000 0.0000 0.0000 0.0000 0.0000 0250
B={ 1.0000 04444 0.0000 0.5000 0.0000 0.0000 0.0000 0500 (15)
00000 04444 0.0000 0.5000 0.0000 0.0000 1.0000 0250

Initial State Probabilities

r=[0.1282  0.4872  0.3846 |

(16)
/?.-::(AaBsﬂ-) (17)
After 500 iterations of the Baum Welch Algorithm, equation (17) stabilised to equation (18)
7= (4, B,7) il
Where
0.0000 0.6332 0.3668
A=[0.7668 0.2332 0.0000

0.0000 0.3643 0.6357

(19)

0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 1.0000

B= 0.1338 04137 0.0000 0.1338 0.0000 0.0000 0.0000 03187
0.0000 0.9220 0.0000 0.0000 0.0000 0.0000 0.0780 0.0000 20)
7= [0 0 1 ] @1)

Predicted states and Observations Using HMM2

States: 3(2015) — 3(2016) — 2(2017) —1(2018)
! ! l !
Observations: B B B B

® prediction time series shows that, the annual rainfall is in state 3(hjgh rainfall) at time T(2015). with observation

(reinfal] startg late and ends early of that year and it is not well spread) w:_ll make transition to state 3(high rainfall) at time
4120 6) according to first order Markov dependence, emitting observation B(rainfall starts early and ends early in that
."‘{ar and it is not well spread), it then make transition to state 2 (moderate rainfall) at time T+2(2017) and later to statel(low

zﬂmfan) at fime T+3(2018)  both emitting Observation B(rainfall starts early and ends early in that year and it is not well
Prea).
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Benue State |
n of the model in Mﬂkurdf:m the archive of Nigerian Meteorological agency, Mairam

{ in this model was collected fr .

3.2 Applicatio
I'he Rainfall data usec
from 2008 <2015

. 24
From the dataset we 2),(23) and (24)

2
obtamed equation (£

Transition Probability Matrix
0.3333 03333 0.3333

A= 01111 04444 04444
[0.1428 0.5714 0.2857 -

Observation Probability Matrix
0333301666 0333300909 0333303333 03333 0333

B=0333305000 0333305454 033330333303333 0333 (23)

03333033330333303636 0333303333 033330333

Initial State Probabilities

7 =[0.0000 0.6360  0.3636 | (24)
Ay =(A4,B,7) (25)
After 400 iterations of the Baum Welch Algorithm, equation (25) stabilised to equation (26)
A, =(A,B,#
3 ( ) (26)
Where ,
0.0000 0.0000 1.0000
A=[0.0000 0.5000 0.5000
1.0000 0.0000 0.0000
(27)
0.0000 0.0000 0.0000 1.0000 0.0000 0.0000 0.0000 0.0000
B=/0.0000 1.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
0.0000 0.2000 0.8000 0.0000 0.0000 0.0000 0.0000 0.0000
i 28
£ = .[0 1 0] "
Predicted states and Observations Using HMM3 e
States: 2(2015) — 2(2016) — 2(2017) —2(2018)
_ ! ! ! !
Observatfor?s: D B B B

an : Yt
. Unkc::d ;Jr: this énodel was collected from the archive of Nigerian Meteorological agency, Minna, inter™”
» NIger State from 1980-2015.1n order to make predictions for the future years, the whole !

10 2015) was used to estimate the parameters pians for 2016, 2
2018. From the dataset we obtain equation (30), (31) and (%3) meters of the model, then make predictions for 2016,

; . o B
Journal of the Nigerian Association of Mathematical Ph ysics Volume 40, (March, 2017), 189

194




Stochastic Modeling of Annual. .

ition prob&bility Matrix
#3333 03333 0.3333

00340 07240 0.2413
17| 0833 0.5833 03333

crva ;on Probability Matrix
02500 0714203333 08180 0.5000 05000 M 0.692
05000 0214003333 00909 02500 02500 04286 0‘230
it State Probabilities
B [0.0000 0.8055 0.1944 ]
/;q = (A-, Ba ﬂ'-)
e 300 iterations of the Baum Welch Algorithm, equation (33) stabilised to equation (34
/{; = (A, B, 7[)
Where,
0.0000 0.0000 1.0000
1-/0.0000 0.8621 0.1379

0.2000 0.8000 0.0000
00000 0.0000 0.0000 0.0000 1.0000 0.0000 0.0000 0.0000

=10.0000 0.3667 0.0000 0.2667 0.0000 0.0333 0.0000 0.3333
02000 0.0000 0.0000 0.0000 0.0000 0.0000 0.8000 0.0000

i=fo 1 0]
dredicted states and Observations Using HMM4

Saes: 2(2015) — 2(2016) — 2(2017) —2(2018)
! l ! |
Observations: D B B B

rainfall is in stat

The prediction time series shows that, the annual :
d it is not well spread) will

minfall starts early and ends late of that year an Te:
ime T+] (2016) according to first order Markov dependence, emitt!

lat year and it is not well spread), it then make tran_sition to state _
sued(moderate rainfall) at time T+3 (2018) both emitting Observation B (rainfall

s not well spread)

Law
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(30)

(31

(32)
(33)

(34)

(33)

(36)
(37)

¢ 2(moderate rainfall) at time T(2015) with observation D
make transition to state 2 (moderate rainfall) at
ng observation B(rainfall starts early and ends early in
2 (moderate rainfall) at time T+2 (2017) and later to
starts early and ends early in that year and

Table 1: Comparison of the Result from the Three Locations
States and Observations From the Dataset .

Predicted states
and observations

e 014 2015 2016 2017 2018
Ostiong 3005 2006 2007 2008 2009 2010 2011 3012 §013 g : A - 1
Pilean  Spates 2 2 ] 2 2 11{ 12{ ;1 H B B B B B

 Observaos H B H H B 3 2 2 2 1 1 2

Yo States 2 3 3 2 ¢ : ZD g B ¢ D B 3 .

B Observations H B B H B 2 3 2 2 2 2 2 2

e Stages 2 3 3 2 3 2D B D D D D B B B
~__Observations B W
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. Graph of the results for the three locations .
Fhﬁ“zt.alhlm:‘nd Figure2, it can be observed that Benue state and Niger state almost have the same pattep o Tinf
From Table < (moderate rainfall ). The difference between the pattern of rainfa|| of 1 Il

VOCar “ﬁlh sLates, ox l'c“ccd more (]1 S ? :

interpretation of this, is that, rainfall tends to start earlier and ends late in vear. However Niger state eXPerienges o i
observation B, which means that, rainfall start earlier and always ends earlier in the year. In general, Benye State ey . e
longer period of rainfall in the years as compared to Niger state, but the two states almost have the same amount Ufrajnf%
the vears. Plateau state has different pattern of annual rainfall as compared to the two other states. All classes of the all
ramnfall arc expenenced in plateau state but high rainfall is most common. It experi?nced more of the observation y anp,
means that, rainfall tends to start late and end early in a plateau state. We may wish to suggest that, the almogt 4, “ihi{
pattern of ramfall of Niger and Benue states may be one of the reasons why both states are leading producers of fgo; 'rﬁ l~

country especially tuber crop like Yam.

4.0  Conclusion
A hidden Markov model to predict rainfall onset, recession, amount and distribution (spread) has been Presented iy

paper. The validity test showed 75% and 50% accuracy in states and observations prediction respectively. The mode]
mplemented in three selected states of the north central Nigeria (Plateau, Benue and Niger state). The resyl; gho; t»n
Benue and Niger states have almost the same pattern of rainfall. Both states experienced more of moderate réinf ]? g
difference between the two locations is in the observations. Plateau has different pattern of rainfall. [t expcriencesali m:
clagc§ of the rainfall but experienced more of high rainfall and observation H (rainfall starts late and ends early for [h;[ \-m‘
:::: it is mblc well Spfr::had). The study thgl;fore suggest that, the similarit)f of the pattern of rainfal] of Niger state and Bé;ﬁ
i,k: yamn;:):n N?gn:n : ¢ reasons responsible that the two states are leading producers of food crops especially tuber crops
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