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ABSTRACT 
 

In 2011, Thailand suffered from severe floods and droughts that caused huge loss of 
life and property, especially in the ChaoPraya River Basin. Earlier, in 1993 and lately 
in 2015, Thailand experienced drought that affected the agricultural area severely. 
These hydrological disasters have indicated an urgent need to study rainfall and river 
flow to improve flood and drought alleviation policies and practices, and implement 
the forecasting systems to predict meteorological conditions leading to disastrous 
runoff occurrences. The spectral analysis, probability analysis and VARMA model are 
adopted to investigate and forecast rainfall. This paper aims to investigate the 
relationships between sea surface temperature (SST) and rainfall and the interaction 
based on water year occurrence pattern and forecast seasonal rainfall by using the 
sea surface temperature as the input variable. 
 
The relationship between rainfall and SST reveals that ENSO leads Chao Phraya 
rainfall by about 2 - 3 months, while IOD index lead by about 1-2 months. The Nino 
3.4 and IOD index can be used to indicate the drought phenomena especially the 
lead 2 month anomaly SST index in MJJ and NDJ. The evaluation of forecasting 
monthly rainfall by VARMA model shows that can capture well in magnitude of rainfall 
in early rainy season in drought year. Furthermore this VARMA model performs a 
good predicative seasonal rainfall at the early rainy (MJJ) in drought year. This 
research will offer application opportunities to enhance the support of water resources 
planning and management. 
 
Keywords: Rainfall, flood, drought, Enso Index, IOD index, forecast, VARMA model, 
Chao Phraya Basin. 
 

1. INTRODUCTION 
 
Catastrophic rainfall events have occurred frequently in past few decades, leading to 
floods, flash floods, and huge loss of property. As a tropical country, Thailand 
experiences severe floods and droughts affecting agriculture and economy. In 2011, 
Thailand had suffered from severe floods disaster that caused huge loss of life and 
properties, especially for the people in the Chao Phraya River Basin. In year 1993 
Thailand had experienced severe drought severely affecting the agricultural areas. 
Thus the seasonal forecasts of summer monsoon rainfall can be used as a significant 
indicator for water planning and management, e.g. reservoir operations, agricultural 
practices, and flood emergency responses. Furthermore forecasts of runoff for a 
range of periods and lead times help tactical management of water resources, 
allowing water user and managers to plan operational water management decisions 
and assess the risks of alternative water use and management strategies.  
 
The seasonal forecasting of rainfall is conducted based on the relationship between 
rainfall on a continent and sea surface temperature of an ocean, which then can be 
used to forecast rainfall patterns for El Nino and La Nina phenomena. In order to the 
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ENSO effect on climate variability over several parts of the earth, many indices have 
been developed to classify the severity and intensity of separate events over time. 
However, there is currently no consensus within the scientific community on which of 
many indices best capture the ENSO phases (Hanley et al., 2003).  IOD is normally 
characterized by anomalous cooling of Sea Surface Temperature (SST) in the south 
eastern equatorial Indian Ocean and anomalous warming of SST in the western 
equatorial Indian Ocean. ENSO is combined of an oceanic component, El Nino (La 
Nina) which are characterized by warming or cooling of surface water in the tropical 
estern Pacific Ocean, and an atmospheric component, the Southern Oscillation, 
which is characterized by changes in surface pressure in the tropical western Pacific 
(Netrananda et.al. 2010)  
 
Both  oceanic and atmospheric components are coupled: when the warm oceanic 
phase (El Nino) is effective, surface pressures in the western Pacific are high, and 
when the cold phase is in effect (LaNina) surface pressures in the western Pacific are 
low (Bjerknes, 1969; Deser and Wallace, 1987). The IOD and ENSO are important 
events of the tropical ocean-atmosphere-continent coupled system of the tropics. The 
IOD is commonly measured by an index that is the difference between sea surface 
temperature (SST) in the western (50oE to 70oE and 100S to 100N) and eastern (900E 
to 1000E and 100S to 00S) equatorial Indian Ocean. The index is called the Dipole 
Mode Index (DMI). (Netrananda et.al. 2010) 
 
The lag of local climate data with anomalous atmospheric events is also considered 
when developing hydro-climatic forecasting models. There are several statistical 
models considered to forecast climate such as artificial neural networks (ANNs) 
(Silverman and Dracup 2000), multiple regression model (Schöngart and Junk 2007), 
ARMA models (Weesakul and Lowanichchai, 2005) and principal component analysis 
(Eldaw et al. 2003). Further, the atmospheric and oceanic variables are applied in the 
forecasting models (Hamlet et al. 2002, McCabe and Dettinger 2002, Grantz et al. 
2005) based on the significant relationships between large-scale atmospheric 
variables and local hydro-climates. The forecasting models enable successful short-
lead projections to be developed (Gutiérrez and Dracup 2001, Schöngart and Junk 
2007); however, the model performance of long-lead forecasts still needs to be 
improved (Krishna Kumar et al. 1995, DelSole and Shukla 2002).  
 
Furthermore the ARMA models could forecast annual rainfall for all regions of 
Thailand, with mean relative error ranging from 8% to 27% during the verification 
period (199l-2003) (Weesakul and Lowanichchai, 2005). Singhrattna (2005) indicated 
that Thailand summer rainfall is strongly correlated with ENSO in the post-1980 
period and also with pre-monsoon (especially March–May (MAM)) land surface 
temperatures representing the land–ocean thermal gradient. Rusamee (1999) 
developed a rainfall forecast model by using monthly rainfall data in 19 provinces in 
the north-eastern Thailand, during the period of 1986-1996. Another approach of 
monthly rainfall forecast was developed by Manusthiparom et al (2003). Review of 
literature reveals that there is still lack and great need on developing the reliable and 
practicable method for forecasting monsoon rainfall and runoff in the basin scale for 
the effective water management and flood mitigation purpose. 
 
This study investigates the interaction of rainfall and SST for defining the water year 
occurrence pattern that related to flood and drought event in Thailand and forecast 
rainfall by using the interaction results as input variables. 
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2. METHODS 
 
2.1  Study area 
 
The Chao Phraya River drains an area of 160,000 km2 from northern Thailand to the 
gulf of Thailand (Fig. 1). The Chao Phraya Basin can be divided into 8 sub-basins: 
Ping, Wang, Yom, Nan, Sakae Krang, Pasak, Tha Chin, Chao Phraya main stream. 
The headwaters of the Chao Phraya River originate in the northern part of the country 
and consist of four tributaries: Ping, Wang, and Yom and Nan rivers. In the 
downstream part, the Chao Phraya River splits into four channels of which Chao 
Phraya passes through Bangkok. Chao Phraya at Nakhon Sawan (the upper 
confluence) has an annual average flow of 718 m3/s, reaching peaks of almost 6000 
m3/s. upstream and downstream of NakhonSawan is a wide lowland area, with 
longitudinal gradient of about 1:12,000. The river section between Ayutthaya and 
Bangkok is even milder with a gradient of about 1:50,000.   
 
2.2  Data used 
 
The data of monthly rainfall in the Chao Phraya Basin (Fig. 1) were collected from 
Thai Meteorological Department. From the data, 9 rainfall stations from the period of 
1979 – 2015, and 1 runoff station from the period of 1979 – 2015 were selected. 
ENSO index (Nino 3.4) data was retrieved from The Climate & Global Dynamics 
Division (CGD) of the NCAR Earth Systems Laboratory (NESL). IOD index was 
retrieved from Frontier Research Center for Global Change, Jamstec3. The rainfall 
stations for spectral analysis included 328201 (Lampang), 331301 (Nan), 351201 
(Uttraradit), 379402 (Vichienburi), 400201 (Nakornsawan), 400301 (Takfa), 415301 
(Ayutthaya) 426201 (Lopburi) and 426401 (Buachum) as shown in Fig.1. The 
distribution of observed rainfall stations is also shown in Fig 1. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
    

Figure 1. The distribution of observed rainfall stations 
  

                                                
3  Source: http://www.jamstec.go.jp/frcgc/research/d1/iod/HTML/Dipole%20Mode%20Index.html 



2nd World Irrigation Forum (WIF2) 
6-8 November 2016, Chiang Mai, Thailand 

W.2.2.09 

 

 
4 

 

2.3  Methodology 
 

In this study, spectral analysis is adopted to find out the correlation between the sea 
surface temperature (SST) include Nino3.4 and IOD index and rainfall. The VARMA 
model (with SST index) of forecasting rainfall model was applied to simulate rainfall 
corresponding to water year.  
 
The study comprises 4 steps: 1) analyse the spectral data for finding the appropriate 
lag in VARMA model, 2) analysis of  relationship of Chao Phraya rainfall to Nino index 
and IOD index, 3) build the VARMA model for forecasting rainfall, Nino 3.4 and IOD 
index, and 4) evaluate the forecasting rainfall corresponding to water year. 
 
2.4 Spectral analysis 
 
The sea surface temperature (SST) at the middle of tropical Pacific Ocean Nino4 and 
Nino 3.4 have relationship to rainfall of Thailand in opposite direction significantly, 
mostly in April and May (Koontanakulwong, 2009). However, the correlation between 
the monthly ENSO index gets its maximum in the early rainy season (May – June) 
and less correlation during the middle and end of rainy season (Paeksawan and 
Prasitwong,  2002).  
 
The impact assessment of severe La Nina to rainfall and temperature of Thailand in 
period 1951 – 1997 occurred 6 times, the severe La Nina effected Thailand that 
influence to higher normal rainfall and lower normal temperature in almost every 
seasons (Paeksawan and Nimma, 1999). To investigate this correlation, a spectral 
and cross-spectral analysis was conducted in this study.  The coefficients for the 
correlation and cross-spectral analysis functions follow Jenkins and Watts (1968). 
 
2.5 Vector autoregressive moving average (VARMA) models 
 
The vector auto regression moving average (VARMA) model (Hamilton, 1994; Wei, 
1990; Box et al., 1994; Brock well and Davis, 1993) is applied to forecast rainfall by 
using the sea surface temperature (SST) as input variables e.g. Nino3.4 and IOD 
index. The VARMA models building can be conducted as follows: (i) collect the 
related data included rainfall, Nino3.4, and IOD index. (ii) Transform data to 
standardized format.(iii) specify a model and determine an appropriate number of 
lags. (iv) fit the model to data to estimate the unknown parameters. (v) analyse and 
forecast rainfall. (vi) simulate impulse response to verify the VARMA model. In 
additional, the determination of correlation (R2), root mean square error (RMSE), and 
mean absolute error (MAE) are used to compare the forecasted rainfall and runoff. 
 

3. RESULTS AND DISCUSSION 
 
3.1  Spectral Analysis 
 
The rainfall and SST spectral amplitude at the obvious 12 month periods are shown in 
Table 1. For rainfall forecasting, the best determination is at the fundamental (12 
months) in all stations. For the results of Nino4.3 spectral analysis in the Chao Phraya 
River Basin in 12 month-periods reveals the cross amplitude 1.046 to 3.345. The 
phase spectrum at the corresponding timescale has shown that the anomaly of 
rainfall lags to the anomaly of the ENSO index by about 2-3 months. Therefore, the 
ENSO index carries valuable forecasting information about rainfall.  Although the 
correlation between ENSO and the rainfall has long been recognized, the physical 
mechanism involved remains a subject for active research. The spectral analysis 
presented in this study has illustrated the evidence of the association between the 
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ENSO phenomena and Chao Phraya rainfall. According to the cross-spectral 
analysis, ENSO leads Chao Phraya rainfall by about 2 - 3 months. The coherence of 
rainfall and IOD index provide lower values than ENSO index. Its results reveal that 
IOD index will be slightly influence to Chao Phraya rainfall. 
 
Table 1.  Spectral analysis of Nino 3.4, IOD and rainfall at 12 month-periods in the 

Chao Phraya River Basin. 
 

Rain 
station 

Nino3.4 and rainfall IOD and rainfall 

Cross 
amplitud

e 

Coherenc
e 

T lag 
Cross 

amplitude 
Coherence T lag 

328201 1.046 0.184 -1.371 0.591 0.155 -2.233 

331301 1.407 0.322 -2.394 0.512 0.112 -1.847 

351201 1.433 0.323 -1.796 0.627 0.167 -2.107 

379402 3.345 1.677 -2.651 0.470 0.074 -2.395 

400201 2.149 0.596 -2.622 0.521 0.108 -2.261 

400301 3.176 1.775 -2.907 0.528 0.099 -1.815 

415301 1.298 0.249 -2.101 0.553 0.119 -1.964 

426201 1.442 0.388 -2.773 0.514 0.107 -1.803 

426401 2.653 1.311 -2.474 0.504 0.098 -1.954 

 
3.2  Relationship of Chao Phraya rainfall to ENSO index and IOD index  
 
The relationship of Chao Phraya rainfall to SST index (ENSO and IOD index) is 
analysed to classify the occurrence of interaction. The ENSO and IOD index is 
focused at lead 2 months according to the spectral analysis results. The probability of 
ENSO and IOD index is created by separating to positive and negative intensity 
group. Thus, it is used to investigate the influence of ENSO and IOD index at lead 2 
months to Chao Phraya rainfall. The rain station 330301 is selected as the 
representative for Chao Phraya River Basin. The classification of intensity is able to 
formulate based on the probability of monthly anomaly SST index at lead 2 (The first 
month of the season is selected as the representative for interacting pattern) months 
as shown in Table 2.However the anomaly ENSO and IOD index can be grouped 
corresponding to possible matching events to assess how water year situation or 
rainfall phenomena driven by SST interaction pattern as shown in Table 3.In dry year, 
it shows that MJJ (May-June-July) in case 1 (C1) negative anomaly Nino3.4 index 
(NMI and NLI) will interact to positive anomaly IOD index (DLI) with significant 
occurrence about 57.14%. While NDJ (November-December-January) in case 3 (C3) 
positive Nino3.4 index (PHI, PMI and PLI) will interact to positive anomaly IOD index 
(PHI, PMI and PLI) with significant occurrence about 64.29% (Table3. and Fig.2 a). 
On the other hand, it shows that NDJ (November-December-January) in case 5 (C5) 
negative anomaly Nino3.4 index (NHI, NMI and NLI) will interact to positive anomaly 
IOD index (PHI, PMI and PLI) with significant occurrence about 53.33% (see Table3. 
and Fig.2.). However it is found that normal water years have no interaction pattern.It 
is implied that Nino3.4 and IOD index might influence to drive drought phenomena 
especially the lead 2 month anomaly SST index in MJJ and NDJ can be used for 
predicting the water year pattern. However the interaction of both SST index might 
influence wet year only dry season (NDJ) with 53.3% occurrence. 
 
3.3  Verification of forecasting rainfall 
 
In order to the spectrum analysis on rainfall and SST index (Nino3.4 and IOD index), 
the vector autoregressive moving average parameters were estimated AR and MA at 
lag 2. The consistency of rainfall in forecast period (April 2012 – December 2015) can 
be evaluated by using goodness of fit test in Table 4. The comparisons between 
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observed and forecasted rainfall are shown in Fig. 3.  The determination of correlation 
(R2) is about 0.47 to 0.68, the root mean square error (RMSE) is about 55.74 to 83.93 
and the mean absolute error (MAE) is about 38.18 to 52.42. The results is revealed 
that VARMA (2,2) model can be used to forecast the rainfall fairly. 
 

Table 2. The classification of SST index intensity 
 

SST index Classification scale Probability 
Intensity of anomaly 

SST index 

Positive 
Nino 3.4 

 

High intensity (PHI) 0.66 > P > 1.00 1.18 > P > 2.51 

Medium intensity (PMI) 0.33 > P >= 0.66 0.47 > P >= 1.18 

Low intensity (PLI) 0.00 > P >= 0.33 0.01 > P >= 0.47 

Negative 
Nino3.4 

High intensity (NHI)) 0.66 > P > 1.00 -1.17 > P > -2.44 

Medium intensity (NMI) 0.33 > P >= 0.66 -0.49 > P >= -1.17 

Low intensity (NLI) 0.00 > P >= 0.33 0.00 >= P >= -0.49 

Positive IOD 

High intensity (PHI) 0.66 > P > 1.00 0.56 > P > 1.54 

Medium intensity (PMI) 0.33 > P >= 0.66 0.27 > P >= 0.56 

Low intensity (PLI) 0.00 > P >= 0.33 0.01 > P >= 0.27 

Negative 
IOD 

High intensity (NHI)) 0.66 > P > 1.00 -0.33 > P > -0.72 

Medium intensity (NMI) 0.33 > P >= 0.66 -0.16 > P >= -0.33 

Low intensity (NLI) 0.00 > P >= 0.33 -0.01 >= P >= -0.16 

 
Table 3. ENSO and IOD index interaction pattern 

 

Water year Season Case 
NINO 

intensity 
scale 

IOD 

intensity 
scale 

Number of 

Matching 
intensity 

Occurrence, 
% 

Dry year MJJ C1 NMI, NLI PLI 8 57.14 

(dry and very 
dry year) 

ASO C2 PHI, PMI, PLI PMI, PLI 7 50.00 

NDJ C3 PHI, PMI, PLI 
PHI,PMI, 

PLI 
9 64.29 

FMA C4 PHI, PMI, PLI 
PHI,PMI, 

PLI 
7 50.00 

Wet year MJJ C1 NHI, NMI, NLI PMI, PLI 6 40.00 

(wet and very 
wet year) 

MJJ C2 PHI, PMI, PLI PHI, PLI 5 33.33 

ASO C3 NHI, NMI, NLI PMI, PLI 4 26.67 

ASO C4 PHI, PMI, PLI 
PHI,PMI, 

PLI 
7 46.67 

NDJ C5 NHI, NMI, NLI 
PHI,PMI, 

PLI 
8 53.33 

FMA C6 PMI, PLI PHI, PLI 4 26.67 

FMA C7 NHI, NMI, NLI PLI 4 26.67 

 



2nd World Irrigation Forum (WIF2) 
6-8 November 2016, Chiang Mai, Thailand 

W.2.2.09 

 

 
7 

 

 
 
 
 
 
 
 
 
 
 
 

  (a) Dry year interaction pattern   (b) Wet year interaction 

 
Figure 2. Water year occurrences driven by SST index interaction 

 
 

Table 4. The performance of VARMA (2,2) model 
 

Rain station R2 RMSE MAE 

328201 0.52 60.51 41.56 

331301 0.53 73.02 51.41 

351201 0.52 83.93 52.42 

379402 0.56 59.80 44.12 

400201 0.52 62.84 41.74 

400301 0.68 55.74 38.18 

415301 0.47 64.63 47.40 

426201 0.58 63.71 41.47 

426401 0.52 75.91 47.62 

 
3.4  Evaluation of forecasting rainfall 
 
The capability of forecasting rainfall model can be evaluated by comparing with 
seasonal rainfall. The result of evaluation is shown in Table 5. The comparison of 
observed and forecasted seasonal rainfall under different water year is shown in 
Fig.4. The results of seasonal forecasting rainfall illustrates that flood year (1995) MJJ 
and ASO provide underestimated rainfall with error -14.79% and -17.07%, while FMA 
provides a satisfied rainfall with error 9.82%. In normal year (2007), it shows that all 
seasons provide an overestimated rainfall within range 5.87% - 29.91% of error, 
except FMA provides a underestimated  rainfall with error -17.67%.In the other hand, 
drought year (2014) shows MJJ and FMA provide satisfied rainfall with error 7.43% 
and -6.34%, respectively. For the annual forecasting rainfall, the VARMA model 
provides underestimated rainfall (-18.74% of error) in flood year while it provides 
overestimated rainfall in normal and drought year. (7.11% and 19.34%) (Table 5 and 
Figure 4) 
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(a) 400301 (Takfa)     (b) 426201 (Lopburi) 

 
Figure 3. Comparison between observed and forecast rainfall at  

station 400301 and 426201 
 
 

Table 5. The evaluation of forecasting seasonal rainfall 
 

(a) Flood water year (1995) 

 

Month 
Nino 3.4 

index 

IOD 

index 

Nino 3.4 index 

lead 2 month 

IOD index  
lead 2 

month 

Rainfall ,mm/month 
Error, % 

Observed Simulated 

MJJ 0.02 0.08 0.35 0.02 637.90 543.52 -14.79 

ASO -0.69 0.13 -0.17 0.14 676.10 560.68 -17.07 

NDJ -0.66 0.15 -0.76 0.07 131.80 26.03 -80.25 

FMA -0.62 0.03 -0.64 0.21 156.10 171.43 9.82 

Average -0.49 0.10 -0.30 0.11 400.48 372.92 -18.33 

Total - - - - 1601.90 1301.66 -18.74 

 
(b) Normal water year (2007) 

 

Month 
Nino 3.4 

index 
IOD 

index 
Nino 3.4 index 
lead 2 month 

IOD index  
lead 2 
month 

Rainfall ,mm/month 
Error, %  

Observed Simulated 

MJJ -0.54 0.34 -0.38 0.36 476.50 562.79 18.11 

ASO -1.18 0.51 -0.59 0.38 541.60 573.42 5.87 

NDJ -1.46 0.24 -1.40 0.44 21.50 27.93 29.91 

FMA -1.56 0.23 -1.54 0.14 204.10 168.04 -17.67 

Average -1.18 0.33 -0.98 0.33 103.64 111.01 53.68 

Total - - - - 1243.70 1332.18 7.11 

 

(c) Drought water year (2014) 

 

Month 
Nino 3.4 

index 

IOD 

index 

Nino 3.4 index 

lead 2 month 

IOD index  
lead 2 

month 

Rainfall ,mm/month 
Error, %  

Observed Simulated 

MJJ 0.51 0.15 0.35 0.10 487.80 524.03 7.43 

ASO 0.31 0.04 0.32 0.02 320.70 558.53 74.16 

NDJ 0.59 0.35 0.50 0.35 82.00 25.70 -68.66 

FMA 0.86 -0.05 0.55 0.06 177.30 166.06 -6.34 

Average 0.57 0.13 0.43 0.13 88.98 106.19 41.71 

Total - - - - 1067.80 1274.32 19.34 
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(a) Flood water year    (b) Normal water year 

 

 

 

 

 

 

 

 

 

 

 (c) Drought water year 

 

Figure 4. Comparison of observed and simulated seasonal rainfall under  

water year at station 331301  

4. CONCLUSIONS 
 
The spectral analysis results indicate the ENSO (Nino3.4) lead Chao Phraya rainfall 
by about 2-3 months with high coherence, while IOD index lead rainfall by about 1-2 
months with slightly coherence. The relationship of Nino3.4 and IOD index indicates 
that they will influence dry year especially the lead 2 month anomaly SST index in 
MJJ (57.17% of occurrence) and NDJ(64.29% of occurrence). On the other hand, the 
relationship will influence wet year significantly in NDJ with 53.33% of occurrence. 
The VARMA (2,2) forecasting rainfall model is able to integrate the ENSO and IOD 
index to predict the rainfall based on their own correlation. The verification of monthly 
forecasting rainfall model provides fairly results. However the evaluation of 
forecasting rainfall model show that it can capture well in magnitude of seasonal 
rainfall in early rainy season especially MJJ in drought year. According to the 
forecasting results can be applied to plan the reservoir operation and water allocation 
especially in drought year.  
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