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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
become a very big problem to the farmers and policy makers in planning for crop cultivation in north central Nigeria. This s
| because rainfall starts early or late and stops early or late in a year. These variations on rainfall onset, recession, amount and

| spread had over the years led to improper Crop planning and cultivation, and it had consequently led to poor harvest. The
in this part of the country ar¢ farmers and rainfall is the major source of water for agricultural

|
majority of the people living 1
| activities. 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
od to the country, hydrological extremes such as mud-flows, ﬂons,/

harvest, lost of income of the farmers, shortage of fo ] ‘
landslides, droughts and debris. It has generally reduced Gross Domestic Product (GDP) of the country there by affecting its
ms, the research, 18 aimed at developing a stochastic mathematical model

economy. In view of the above mentioned proble 1 A . o
that can predict rainfall onset recession, amount and spread within a year, this wxﬂ help provides some quantitative
; in boosting Crop production and also reduce the danger of

information to the farmers and government that could assists 1

hydrological extremes
| e of stochastic tool called Hidden Markov Model(

The rese i
arch, considers the use 0 be result of stochastic process in one of several unobserved states. HMM has been
on is the T d speech synthesis (2], molecular biology for DNA and protein

models where each observati "
suce . @ : nition an . o
essfully applied in automatic speech recogn (5], te]ecommuniwtion [6] and in pattern recognition [7].

. Sequencing (3], signal processing (4], bioinformatics
: %hl The Study Area

3 The study area of this researcl )
] ?selected states for the study are: Niger,
re: Kwara, Kogi, Plateau, Nassarawa, Bente

2, |
0  Materials and Methods
ch one of the stochastic processes is an underlying

E 2.1 R
g el : i
Hidden Markov Mod uble gtochastic process 1 whi

A Hidden Markov Model (HMM) is a do

— Le .
L —— 2.edu.ng, Tel.:
.~ Corresnandine anthor: Lawal. A E-ma

HMM). HMMs are extensions of Markov

ates from this region.

tates out of the six st
1 geopoliticnl zone

er, it is of three s
nstitutes the north centra

. al Nigeria: HoweV
) is north central NIg ates that ¢

Benue and Plateau. The st
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ochastic Modcling of A he other stochastic process is an ObseWable !

: t]overncd by an underlying discrete (Mar

bservable [9]. HMM is characterizeq

Markov chain which is called the hidden part of the m'()‘rj1LiS g
can be considered as a stochastic process whose e‘VOIut]Odjrestly )
number of states s; 1S, i=], N, which are hidden, i.e. not i
N = number of states in the model

M = number of distinct observation symbols per state
Q = state sequence

Ne A
ov chain?b“q
by the f()“()uha

=99,y . .. q;
O = observation sequence
0 = 01,030 3 sSsncsn. 5. Oy
Transition probability matrix
A= {a,}
Observation probability matrix
B=1{b,(0,)}

Where b,(0,) = plo,|q, = 5;)

If the observation is continuous a probability density function is used
+o0
[b,(x)dx=1

T

Il

{n f } Initial state probabilities
A=(4,B, 7) The overall HMM
2.2 Formulation of the Model

In this research work, our Hidden Markov Model is based on observed data of
rainfall is considered as state of the
considered as emission of the HMM. A
The transition of annual rainfal] state t
in[10, 11]

The probability of generating  current  observation
T

PO1Q,4)=]]P(o, q,,4)

2
Rainfall is said to start early if it starts within (January-March) i
Rainfall is said to start late if jt starts on the month of April or beyond

Rainfall is said to stop early if the rainfall does not exceed the month of Octob
Rainfall is said to stop late if the rainfall exceed the month of October
Let the annual rainfall be modelled by a three state hidden
The states are given below
Statel: Low Rainfall (rainfall amount < 800mm)
State2: Moderate Rainfal] (801m

(1)

the rainfall in our study areas. 4p,
HMM while onset, recession, distribution (spread) of the rainfa]] within g
s aresult, we make the following assumptions

o another state in a year follow a Markov chain of first order dependence P

symbol  depends only on curent stae Th

er of a year

Markov model ang eight observations,

M= rainfall amount <1300

mm
State3: High Rainfall (Rainfall amount >1300mm) )
And all the possible observations ithi .
b p tons within a year for g]] the States are given below-

- 1S not wel] Spread
C = O, =(rainfall starts early and ends [ate for that !

Year and it is we]) spread)
= 04 = (rainfall starts e

arly and ends Jate for that yeqy and it is pot well s
E =04 = (rainfall starts late

pread)
at year

a
nd ends late for th and it is we| Spread)

e Oo = (rainfall starts late ang ends late of 1,

at year
G= O, = (rainfall starts late

and it is poy well spread
and ends early of thay yea
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Figure 1: Transition Diagram of the Annual Rainfall Model
Transition Probability Matrix for The states

a, dp 9

A=|ay @n 9n
a,, Aan 9»
3)

Observation Probability Matrix :
b,(Ol) bl(oz) b{(03) b(0,) b,(05) b, (%) b(0;) b (05)

B= bm(ol) bm(oz) bm(os) bm(04) bm(os) bm(oﬁ) bm(07) bm(OS)
b,(0) b, (0,) b,,(03) b/.(04) b,(05) b, (05) b,(0;) b, (%) )

Initial Probability Distribution
7T=[71’l T, T ©)

23 Making Predictions W
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using Baum-Welch algorithm
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J.L.1  Validity Test for the Model

Before the model could be used to make prediction
dataset into two sets, one training set and the othe '
data from 1977-1994, then use it to predict annual rainfal

me our dataset we obtained the Transition probability m
distribution, as represented by equation (6), (7) and (8)

Transition Probability Matrix
1.0000 0.0000

A=|0.0000 0.5000 0.5000
10.0000 0.5714 0.4286

0.0000

Cuservation probability Matrix

the strengt
r test set. We
| for 19

La"yal' A l)

atrix, Obs

hof them
estimate the pa
95, 1996 and 1997.

(0.0000 02000 00000 00000 00000 00000 00000 0000
B=|1.0000 0.5000 00000 00000 00000 0.0000 00000 0.500
00000 03000 00000 1.0000 00000 00000 1.0000 0.500

Initial State probabilities

n = [0.0556

A =(48,7)

Equation (9) is the test hidden Markov model (HMM1)

ubakar, Hakimi and Shehu

odel need to be tested , to achieve this
rameter of the test HMM|

< ()f NAM b

L We g
Slng lhe

(6)

(M

(8)

)

After 500 iterations of the Baum Welch Algorithm using Matlab, equation (9) stabilised to equation (10)

A = (4, B,7)

where
0.0000
A =1{0.0000
0.0000

0.0000 1.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
B=[09999 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

7 =10

Comparison of the Predicted States and Observations Using HMM1

Dataset

Predicted states  and Observations Using the Test mode]
3(1994) —  3(1995) — 3(

States

Observations;

Actual states and Observations from the Dataset
3(1994) — 3(1995) — 3(1996)

States:

Observations:

(HMM1)
1996) — 3(1997)

|

B
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(199 given to transition to state 3(hi i
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2 starts early and ends

ons from the dataset shows 750/The comparison of
oand 50% i 1€ predi

70 In states and :b Ictgd states and observations with the

servation prediction respectivel ith the actual states and

spectively.

Hidden Markov Model for Futyre Predi
ictions (HMM2
)

. ordt‘r 10 mﬂke predictions for the futu
re years, t
) he \Vl]()le dalaset (rainfflll data fi
all data from 1997 to 2015) was u [
sed to estimate the

ameters of the model, then make e
)respectively. predictions for 2016 2017 and 2
’ and 2018 . from our d
ataset we obtained equations (14), (15)

Transition Probability Matrix
0.0000 0.8000 0.200

_lo2100 04211 03684
00600 ©.5000 0.5000

A
(14)

Observation Probability Matrix
00000 0.1111 00000 00000 0.0000 00000 00000 0250

5 10000 04444 00000 05000 00000 00000 00000 0500
10000 04444 00000 05000 00000 00000 L0000 0250 .

Initial State Probabilities

o =[0.1282  0.4872 0.3846 |

1, =(4,B,7) e
After 500 iteAratioPS of the Baum Welch Algorithm, equation (17) stabilised to equation (18) (17)
A= (4, B, 7T)

Where (18)

0.0000 0.6332 0.3668
A1=10.7668 0.2332 0.0000

0.0000 0.3643 0.6357 i)
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 0)
= o 1] 21)
Predicted states and Observations Using HMM2
States: 3(2015) 43(2016)42(2017).41(2018)
o) Ly b s
servations: B B B , . . . .
T S ) . ) A1 rainfall i - otate 3(high rainfall) at time T(2015) with observation
jiprediction"time sefle shows that e am'l,l,l]dl l:rlnlsnrf:c:t] \l/selllns;rzﬂil) will make transition to state 3(high rainfall) at time
: i servation B(rainfall starts early and ends early in that

B(rainfall starts late and ends early of that year
kov dependencé, emi

T+1(2016) according to first order Mar on iy
year and it is not well spread), it then make transition 10 state e
rainfall) at time T+3(2018) both emitting Observation B(rainfall §
spread).
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3.2 Application of the model in Makurdi, the archive of Nigerian #1e4 agency, Mﬁitamﬂ

" from
The Rainfall data used in this model was collected
from 2005 -2015.

A
: 24
From the dataset we obtained equation (22) , (23) and ( )

Transition Probability Matrix
0.3333 0.3333 0.3333

A=|0.1111 04444 04444
0.1428 05714 02857

(22)

Observation Probability Matrix

0333301666 03333 00909 03333 03333 03333 0333
B=103333 05000 03333 05454 0333303333 03333 0333 (23)

0333303333 03333 03636 03333 03333 033330333
Initial State Prob‘abilities
7 =[0.0000 0.6360 0 3636 ] (24)
4 =(4,B,7) (25)

After 400 iterations of the Baum Welch Algorithm, e
/?,;:(A,B,fl"\) (26)
Where |

0.0000 0.0000 1.0000
A=]0.0000 0.5000 05000

1.0000  0.0000 0.0000

quation (25) stabilised to equation (26)

o 27
0.0000 0.0000 0.0000 1.0000 0.0000 0.0000 0.0000 0.0000
B=10.0000 1.0000 0.0000 0.0000 0.0000 0.0

000 0.0000 0.0000
0.0000 0.2000 0.8000 0.0000 0.0000 0.0

000 0.0000 0.0000

n (28)
=0 1 o]
Predicted states and Observations Using HMM3 (29)
States: 2(2015) —2(2016) — 2(2017) —2(2018)

l l ) )
Observations: D B B B

The prediction time series shows that, th
(rainfall starts early and ends late of that year an
time T+1(2016) according to first order Mark
that year and it is not well spread), it then mg

(moderate rainfall) at time T+3(20]8) both e
not well spread).

3.3 Application of the mode
The Rainfall data used in this model wag collecteq from (]
Airpont, Maikunkele, Niger State from 1980-2015

(rainfall data from 1980 (o 2015) was yseq
2018. From the dataset we oby

€ annual ra.in.fall IS in state 2 (moderate rainfall) at time T(2015) with obSEI}“ﬂ[‘j(l"l
d it is not wel Spread) will make transition to state 2 (moderate @M

ov dependence emittin - : ds eart
o K g observatlon B 7 early and ends &
ke transition tg State2 (rainfall starts y

g
(moderate rainfall) at ¢, 2(2 e
> ) der: e T2 2007) e 25 )
Mmitting Observation B (rainfa]] starts early and ends early in that yeur
lin Maikunkclc, Niger State

g ul: archive of Nigerian Meteorological agency, Minnd, & le 7
B cs[im“.c lh(:rc er to make Predictions for the future years, the w11160 o
: : ate the parameqe icti =8
am equation (30), 3 1) and (133) eters of the model, then make predictions for s

ot
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jon thuhili[y Matrix

a3 0333303333
00340 07240 02413
0833 05833 0.3333

Ohser\fuliol

1 Probability Matrix

Lawa[

’
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02500 00714 03333 00909 02500 02500 0.1428 0076

50250007142 03333 08180 05000 05000 04256 59,
05000 02140 03333 00909 02500 02500 04286 03¢

nitial State Probabilities

7=
ﬂq:(A’B’ﬂ')

After 300 ite:atior:s of the Baum Welch Algorithm, equation (33) stabilised to equation (34)

/q’;:(A,B,ﬂ:)

Where,

0.0000 0.0000 1.0000
1=10.0000 08621 0.1379
0.2000 0.8000 0.0000

0.0000 0.0000 0.0000 0.0000 1.0000 0.0000 0.0000 0.0000
B=/0.0000 0.3667 0.0000 0.2667 0.0000 0.0333 0.0000 0.3333
0.2000 0.0000 0.0000 0.0000 0.0000 0.0000 0.8000 0.0000

i=[0 1 0]

0.0000 0.8055

0.1944 ]

Predicted states and Observations Using HMM4

States: 2(2015) — 2(2016) — 2(2017) —2(2018)
! !
Observations: D B B

(30)

€2

(32)

(33)

(34

(35)

(36)
@37

The prediction time series shows that, the annual rainfall is in state 2(moderate rainfall) at time T(2015) with observation D
(rainfall starts early and ends late of that year and it is not well spread) will make transition to state 2 (moderate rainfall) at
time T+1 (2016) according to first order Markov dependence, emitting observation B(rainfall starts early and ends early in
that year and it is not well spread), it then make transition to state2 (moderate rainfall) at time T+2 (2017) and later to
state?(moderate rainfall) at time T+3 (2018) both emitting Observation B (rainfall starts early and ends early in that year and

itis not well spread)

Table 1: Comparison of the Result from the Three Locations

States and Observations From the Dataset

Predicted states
and observations

locations 3005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018
Plateau  States 2 2 1 2 2 1 2 2 3 3 3 3 2 1
: Observations H B H H H H H. H H ‘ B }73 B B B
Niger  States 2 3 3 2 3 2 2 3 2 2. '® 2 ) 2
Observations H B B H H F D H B G D B B B
Benue  States 2 3 3 s 3 2 2 3 2 2 2 2 2 2
Observations B B D D D D B D D D D B B B
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Figure 2: Graph of the results for the three locations — _
From Table] z}:nd Figure2, it can be observed that Benue ;tate Zinf’ir ll\ili?;ference between the pattern o frainfal] Taingy
vear. Both states, experienced more of state 2 (moderate rainfall ). Th f observation D than any other Ofl.hqe
locations is in the observations. Benue state experienced more 0 QH seat: Hovieyer Niuer'sitic . ’ Serva,
interpretation of this, is that, rainfall tends to start earlier and ends late ; 20 t.h e yiear. Injeeressi Benuf Tiences my
observation B, which means that, rainfall start earlier and always ends ear xertla o almosi Rraitts sz’ime am State CXperie
longer period of rainfall in the years as compared to Niger state, but the twt()j S; e\ tioitiesataies, Al ount of
the years. Plateau state has different pattern of annual rainfall as compared to i g— Of.the baSSCS Of the
rainfall are experienced in plateau state but high rainfall is most common. It exper ) i Observatigy H,
means that, rainfall tends to start late and end early in a plateau state. We may wish to sugge§t that, the almog the
pattern of rainfall of Niger and Benue states may be one of the reasons why both states are leading producers of foog;
country especially tuber crop like Yam.

4.0  Conclusion o

A hidden Markov model to predict rainfall onset, recession, amount and distribution (spread) has been presenteg
paper. The validity test showed 75% and 50% accuracy in states and observations prediction respectively. The mogy
implemented in three selected states of the north central Nigeria (Plateau, Benue and Niger state). The resylt shows
Benue and Niger states have almost the same i

tate almost have the same Patten of

state may be one of the reasons responsible that the two sta
like yam in Nigeria
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