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Abstract  

 
Agriculture is one of the major sectors often affected by droughts. A clear understanding of drought 

impact on agriculture will help address the future drought mitigation and management strategies. North 

Dakota (ND) is the leading barley producing state in the United States. In this study, the impact of 

drought severity and areal coverage on barley (Hordeum vulgare L.) yield in ND is estimated using an 

artificial intelligence technique, the Adaptive Network-based Fuzzy Inference System (ANFIS). A 

refined county level drought Severity and Coverage Index (ISC) based on U.S Drought Monitor 

(USDM) drought severity and coverage data, and USDA National Agricultural Statistics Service 

(NASS) county level yield data are used in this study. The results show 41% and 12% of variation in 

yield can be explained by combination of drought conditions and ISC, respectively. 
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1. Introduction  

 

Drought is a part of climatic variability and a natural hazard. Impact of drought on various sectors 

has long been recognized. Agriculture is one of the major sectors that experience significant loss 

during drought events. Agriculture also is the first sector to be affected at the onset of drought 

because crops at various stages of its growth depend on water and soil moisture [1]. Impact of 

drought on agriculture has been studied by several investigators [2, 3, 4]. Significant loss in 

yields of major crops may occur in the future due to drought. The loss in crop production across 

the United States during the last three decades is approximately $145 billion [2]. A better 

understanding of the drought-yield relationship could help reduce future losses. Crop yield 

variability is mainly influenced by local weather and climate rather than by large scale climatic 

patterns [5]. So, it is important that we study the drought-yield relationship at county scale. The 

State of North Dakota (ND) is a leading producer of many crops in the USA, particularly barley 

accounting for 24% of nation’s production. Since North Dakota is a drought prone state, we 

chose to study the drought-barley yield relationship in North Dakota [6, 7].  

 

Statistical tools such as Multiple Linear Regression (MLR) and Adaptive Network-based Fuzzy 

Inference System (ANFIS) are widely used in many disciplines for assesment, prediction, and 

classification purposes. MLR is a well known traditional statistical technique, and it has an 
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established methodology. ANFIS is a an artificial intelligence technique that relies on the fuzzy 

logic of a system that transforms human knowledge or experience into a fuzzy inference system 

(FIS). Thus ANFIS can be imbedded with an ability to learn the expertise in any discipline and 

consequently it can adaptively improve its performance to simulate and forecast. It has been used 

to solve non-linear and high dimensional problems. The Fuzzy if-then rules are defined and 

calibrated using learning data sets and the predictability of measured data is validated using 

validation data sets. ANFIS has been broadly used in many fields including agriculture, 

hydrology, water quality [8, 9], and drought [10, 11, 12]. 

 

The objective of this study is to assess the impact of drought conditions on barley (Hordeum 

vulgare L.) yield using the MLR and ANFIS models. Different drought conditions and a refined 

countywide drought Severity and Coverage Index (ISC) are used in this study to investigate the 

impact.  

 

 

2. Study Area, Data, and Methods 

 

2.1. Study area 

 

North Dakota State is one of the north-central states of U.S. comprising of 53 counties (see 

Figure 2). North Dakota has a North-South temperature gradient, and Southeast-Northwest 

precipitation gradient. Droughts [6] have significantly impacted North Dakota in the past. A 

severe drought occurred recently in years 2006, 2008, and 2102. Frequent droughts are a 

characteristic feature of North Dakota climate [6]. The region is well known as the bread basket 

of the world because of its large-scale agricultural production.  
 

2.2. Data 

 

2.2.1. Drought Data 

 

This study uses data from the U.S Drought Monitor (USDM) , a major source of drought data in 

the USA available to the public from the National Drought Mitigation Center (NDMC), 

University of Nebraska, Lincoln. The USDM is developed as a comprehensive tool to reflect the 

existing drought condition across the United States [13]. Several federal agencies including U.S. 

Department of Agriculture (USDA), and National Oceanic and Atmospheric Administration 

(NOAA), and NDMC contribute to produce drought monitor data products. The USDM releases 

its products (map and tabular data) every week which reflect the drought condition of the U.S 

(Figure 1). In this study, the USDM countywide weekly percent area coverage values were used 

as input for different drought intensity categories for the years 2000 to 2012. Drought intensities 

are categorized as follows; abnormally dry (D0), moderate drought (D1), severe drought (D2), 

extreme drought (D3), and exceptional drought (D4). Detailed description of the drought monitor 

data can be found in http://droughtmonitor.unl.edu/.  

 

 

http://droughtmonitor.unl.edu/
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Figure 1. A Sample USDM weekly map  

 

2.2.2 Crop Data 

 

Barley is one of the major agricultural crops grown in North Dakota. County-by-county yield 

data of barley is derived from USDA National Agricultural Statistics Service (NASS) web portal 

for the study period (2000 – 2012). Generally, Barley planting starts in later part of April, and 

harvesting ends in early part of September in North Dakota. Figure 2 shows the North Dakota 

counties and barley yield in 2010.   
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Figure 2. The North Dakota counties and barley yield in Bushel/Acres (1 Bushel = 0.03524 m
3
; 1 Acre = 4046.86 

m
2
) for year 2010 (barley yield data is derived from USDA NASS web portal).  

 

2.3. Drought Severity-Coverage Indices       
 

                         values were calculated from weekly percentage of areal coverage values of 

drought intensity. In this simple approach, areal coverage variables of higher severity conditions 

are assigned higher multiplying factors as shown in the equation below: 

 

)(5)(4)(3)(2)(1 43210 DDDDDSC AAAAAI            (1) 

 

where AD0, AD1 , AD2 , AD3 , and AD4 are percentage area coverage values for D0, D1, D2, D3, 

and D4 respectively. From Eq. (1), a numeric value of 500 can be regarded as the worst possible 

drought scenario implying that 100% of the county would be deemed under exceptional drought.  

A value of zero would therefore imply that 0% of the county is facing drought. A detailed 

description and application of the Drought Severity-Coverage Indices       can be found in 

Leelaruban, et al [7]. 
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2.4. Regression approach 

 

A set of regression models were developed to ascertain the dependency of yield on drought 

conditions (model 2-8). The regression model parameters were estimated, and usefulness of each 

model in barley yield prediction was tested for significant level of 0.05. Average values of AD0, 

AD1, AD2, and AD3 were calculated between planting and harvesting period from collected data for 

different drought intensity categories of areal coverage values, where AD0, AD1, AD2, and AD3 are 

percentage area coverage values for D0, D1, D2, and D3 respectively.  Then panel data set was 

constructed using barley yield, Avg(AD0), Avg(AD1), Avg(AD2), Avg(AD3), and Avg(ISC).  For i=1, 

2, … 53 counties and t=1, 2, … 13 years (2000-2012) of observation. 

 

Yieldit = 0x + 1x  Avg(AD0)it +                  (2) 

Yieldit = 0x + 1x  Avg(AD1)it +                  (3) 

Yieldit = 0x + 1x  Avg(AD2)it +                  (4) 

Yieldit = 0x + 1x  Avg(AD3)it +                  (5) 

Yieldit = 0x + 1x  Avg(AD0)it + 2x  Avg(AD1)it + 3x  Avg(AD2)it + 4x  Avg(AD3)it +             (6) 

Yieldit = 0x + 1x  Avg(ISC)it +                   (7) 

D4 category drought condition is not considered in this study because North Dakota experienced 

D4 category drought rarely during the study period. Regression model 2-5 were considered to 

investigate the capability of explaining the influence of the different drought condition 

individually on barley yield while model 6 was considered to investigate the effect of the 

combination of drought conditions on barley yield. Model 7 is used to assess the impact of 

drought on barley yield using the composite Drought Severity-Coverage Index     .   
 

2.5. Adaptive Neuro-Fuzzy Interference System (ANFIS) 

 

ANFIS algorithm serves as a basis to build a fuzzy model of a system by constructing a set of 

fuzzy “if-then” rules with sufficient Membership Functions (MF). An ANFIS model for two-

input parameters (two fuzzy “if-then” rules) is briefly described as follows [14] 

 

 R1: If x is A1 and y is B1, then f1 = p1x + q1y + r1  

 R2: If x is A2 and y is B2, then f2 = p2x + q2y + r2 

 

R1 and R2 denote the fuzzy rules 1 and 2. A and B are the fuzzy sets in fuzzy rule 1 and 2, 

respectively. The x and y are two different input parameters and the p, q, and r are the fuzzy 

consequent parameters [14, 15].  
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Figure 3. A typical architecture of two-input one-output ANFIS model [14]. 

 

Selection of input variables is crucial to develop a satisfactory estimation of ANFIS model since 

those variables determine the structure of the model corresponding weight coefficient. Different 

architecture of the ANFIS model was constructed for each phase of the model using all the data. 

About 70% of the data were selected randomly for training procedure while remaining data used 

for testing procedure. The performance of ANFIS model for training and testing data sets were 

evaluated for individual drought condition, which are Avg(AD0), Avg(AD1), Avg(AD2) and 

Avg(AD3) ,and combination of these four drought conditions to assess barley yield. Furthermore, 

AvgISC was used as one input parameter and barley yield is estimated. Three common statistical 

indicators of accuracy of estimation, which are root mean square error (RMSE), mean absolute 

error (MAE), mean bias error (MBE) are used along with coefficient of determination (R
2
) as 

comparing criteria for the evaluation of the models’ performances.  

 

 

3. Results and Discussion 

 

3.1. Influence of individual drought condition on barley yield estimation 

 

Table 1 shows the estimated parameters for the developed regression model (model 2-5). The p-

values suggest that the models are useful, and estimated parameters explain that drought has a 

negative influence on the barley yield. However, very low coefficients of determination (R
2
) are 

obtained when the individual drought condition is used alone in the model.  

 
Table 1. Estimated parameters for the regression model 2-5 

 

MODEL Constant 
Yield predictors 

P- value R
2 
(%) 

Avg(AD0) Avg(AD1) Avg(AD2) Avg(AD3)  

2 56.0 -0.0627     0.017 0.01 

3 56.8  -0.2060    0.000 0.07 

4 56.3   -0.293   0.000 0.09 

5 55.2    -0.354  0.000 0.05 
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Drought effect on barley yield was estimated using ANFIS model for individual drought 

conditions (Table 2). Table 2 shows the used MF and number of MF, and estimated R
2
, RMSE, 

MBE, and MAE for both training and testing data. For every individual input, Trim, Tram and 

Gauss MFs were used with 3 rules for each MF. These rules were determined as low, medium 

and high drought conditions. The best ANFIS architecture was selected and evaluated among 

various architectures with different MFs in Table 2. As an individual drought condition, D3 

drought condition provided the highest R
2
 value (0.12) on training data set using trim MF while 

R
2
 value for testing data sets is calculated as 0.09. RMSE, MBE and MAE values are low in this 

data set (ANFIS 10). The RMSE statistic estimate a value away from the mean value and it is 

higher or equal to MAE.  

 
Table 2. Performance of ANFIS in estimating yield using individual drought conditions 

 

Model Input MF 
Number 

of MF 

Training Testing 

R2  RMSE MBE MAE R2  RMSE MBE MAE 

ANFİS1 

Avg(AD0) 

Trim 

3 

0.03 18.58 8.78 15.35 0.08 19.47 9.29 16.00 

ANFİS2 Tramp 0.02 25.63 13.77 20.51 0.06 25.85 13.21 20.04 

ANFİS3 Gauss 0.02 29.40 16.13 22.95 0.06 29.35 15.26 22.16 

ANFİS4 

Avg(AD1) 

Trim 

3 

0.05 12.02 0.00 9.27 0.14 11.97 2.51 9.44 

ANFİS5 Tramp 0.06 11.97 0.00 9.25 0.08 12.33 2.62 9.83 

ANFİS6 Gauss 0.05 11.98 0.00 9.26 0.09 12.24 2.60 9.76 

ANFİS7 

Avg(AD2) 

Trim 

3 

0.05 12.02 -0.87 9.13 0.08 12.33 2.62 9.83 

ANFİS8 Tramp 0.08 11.82 0.13 9.08 0.17 11.83 2.86 9.52 

ANFİS9 Gauss 0.08 11.81 0.13 9.07 0.17 11.82 2.86 9.49 

ANFİS10 

Avg(AD3) 

Trim 

3 

0.12 11.58 0.13 8.79 0.09 12.34 2.73 9.78 

ANFİS11 Tramp 0.11 11.61 0.13 8.79 0.10 12.24 2.71 9.71 

ANFİS12 Gauss 0.11 11.59 0.13 8.78 0.10 12.27 2.74 9.73 

 

The estimated coefficient of determination (R
2
) for the yield prediction using both regression and 

ANFIS model are low. That implies that only few percentage of variation of barley yield can be 

explained by an individual drought condition.  

 

3.2. Influence of multiple drought conditions on barley yield estimation 

 

Multiple Linear Regression model (model 6) can explain the influence of drought conditions on 

the variability of barley yield in North Dakota. In the multiple linear regression analysis, the yield 

of barley is used as the dependent variable and drought conditions are used as the independent 

variables (i.e., Avg(AD0), Avg(AD1), Avg(AD2), and Avg(AD3)). The regression parameters were 

estimated for the model 6.  

The obtained regression equation is; 

 

Yield= (58.6) – 0.0699  Avg(AD0) – 0.0976  Avg(AD1) – 0.192  Avg(AD2) – 0.249  Avg(AD3)          (8) 

 

The significance level for F statistic (p-value) for the model is zero, and that  implies there is 

strong evidence that at least one of the model coefficient is nonzero, and overall model is useful 

to predict yield. Multiple coefficient of determination (R
2
) was estimated as 0.133. The predicted 

results (R
2
) suggest that 13.3% variation of barley yield can be explained by different drought 
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conditions. In addition, model 8 suggests that influence of the drought is increasing with 

increasing drought severity. The model predictors for model 8 are tested for multicollinearity, and 

there is no serious multicollinearity effect found. 

 

Drought assessment on barley yield using combination of drought conditions was determined 

using ANFIS and presented in Table 3. For four input parameters, Trim, Tram and Gauss models 

were used with 81 rules for each MF. These rules were determined as low, medium and high 

drought conditions. The best ANFIS architecture was chosen from the Table 3. The correlation 

between measured versus estimated yield was high in combination of drought conditions 

compared to using individual drought condition. The R
2
 values were calculated as 0.41 and 0.52 

for training and testing data sets, respectively for Gaussian MF (ANFIS3).  The figure 3 shows 

the relationship between actual and estimated yield.  

 
Table 3. Performance of ANFIS in estimating yield using combination of drought conditions 

 

Model Input MF 
Number 

of MF 

Training Testing 

R
2
 RMSE MBE MAE R

2
 RMSE MBE MAE 

ANFİS1 Avg(AD0) 

Avg(AD1) 

Avg(AD2) 

Avg(AD3) 

Trim 

3*3*3*3 

0.39 9.64 -0.80 7.09 0.50 9.11 2.14 6.47 

ANFİS2 Tram 0.35 9.94 -0.77 7.48 0.45 9.60 2.07 7.16 

ANFİS3 Gauss 0.41 9.47 -0.83 6.93 0.52 8.97 2.23 6.35 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 4. The measured versus estimated barley yield (bu/acre) using different drought conditions (i.e., Avg(AD0), 

Avg(AD1), Avg(AD2), and (AD3)). (a) training data set (b) testing data set. 

 

3.3. Influence of ISC on barley yield estimation 

 

The regression(model 7) and ANFIS models were used to assess the influence of ISC on barley 

yield estimation. Based on the estimated parameters regression equation can be written as; 

 

Yield = 58.5 - 0.0595 AvgIsc         (9) 
 

(a

) 

Measured yield, bu/acre 
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The significance level for F statistic (p-value) for the model is zero, and that implies model is 

useful. Coefficient of determination (R
2
) was estimated as 0.13, which is very similar to model 8. 

The model (9) suggests that with increasing ISC barley yield will decrease as expected. Drought 

assessment on barley yield was modeled in ANFIS using ISC and presented in Table 4. In this 

study three different architectures of ANFIS with 3, 4 and 5 MFs were used. The best ANFIS 

architecture was observed on ANFIS8 model in Table 4. The coefficient of determination in 

ANFIS8 was estimated 0.12 for training and 0.32 for testing data sets. Results from Table 4 

expressed that by increasing the MF number from 3 through 5, the value of statistical parameters 

did not change in training data while slightly increased in testing data. In addition, a R
2
 value of 

0.64 was obtained by using years along with ISC in ANFIS model. However, further investigation 

is needed to explain such a high influence of time (year) in predicting barley yield.  

 
Table 4. Performance of ANFIS in estimating yield using Drought Severity and Coverage Index (ISC) 

 

Model Input MF 
Number 

of MF 

Training Testing 

R
2  

RMSE MBE MAE R
2  

RMSE MBE MAE 

ANFİS1 

I sc  

Trim 

3 

0.12 11.58 0.87 9.01 0.27 2.33 8.82 10.99 

ANFİS2 Tramp 0.12 11.63 0.90 9.04 0.28 2.39 8.84 10.95 

ANFİS3 Gauss 0.12 11.62 0.89 9.03 0.28 2.37 8.81 10.94 

ANFİS4 

I sc  

Trim 

4 

0.12 11.61 0.89 9.02 0.29 2.37 8.77 10.91 

ANFİS5 Tramp 0.12 11.60 0.89 9.02 0.31 2.37 8.74 10.77 

ANFİS6 Gauss 0.12 11.64 0.90 9.05 0.31 2.40 8.76 10.80 

ANFİS7 

I sc  

Trim 

5 

0.12 11.59 0.84 9.02 0.31 2.24 8.61 10.76 

ANFİS8 Tramp 0.12 11.63 0.86 9.06 0.32 2.29 8.56 10.68 

ANFİS9 Gauss 0.12 11.59 0.84 9.02 0.31 2.24 8.61 10.76 

 

 

4. Conclusion 

 

The MLR and ANFIS models were used to assess the influence of drought on barley yield. 

Individual drought conditions, four different drought conditions together, and refined index ISC 

were separately used as input to study the impact. Regression and ANFIS performances were 

similar in estimating barley yield from the individual drought conditions. ANFIS outperformed 

MLR in estimating barley yield when different drought conditions were used as multiple input 

parameters. In this study, The ANFIS model coefficient of determination (R
2
) indicates that 41 

percent of the variation in yield can be explained by multiple drought conditions input whereas 

only 13.3 percent by multiple regression. The refined index ISC is better suited for the purposes of 

resource allocation for drought management and mitigation. However, ISC does not have any 

advantage in estimating barley yield. Barley yield also greatly depend on other parameters such 

as soil characteristics, and management practices. Focus of this study was to assess the drought 

impact on barley yield, and not to develop a comprehensive prediction model for barley yield. 

However, quantification of drought impact on yield is vital in order to develop more powerful 

predictive models for drought management.  
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