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Abstract 

Modelling water flowing series of the Mosul Dam Lake for the year 2023-2024(730 

days) using support vector mechanism for forecasting in order to train the SVM and 

determine its most accurate parameters, the first 657 days (0.90 of the Time series 

data) were utilized for both validation and training. The test set, which was used to 

determine the prediction potential of SVM, consisted of the remaining 73 days (0.10 

of the series). There are numerous varieties of SVM models., These models depending 

on the different parameters ( , c,  ) which are experimentally selected for a limited 

number of values, the appropriate range for C=1,10,100,1000, In order to obtain a 

more comprehensive analysis, we have expanded the maximum range to 10,000. the 

appropriate range for γ =0.0001 TO 100, The best model is C=100, γ = 100, which 

contains 92 support vectors that model has the fewest support vectors and the lowest 

training error. 
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1. Introduction 

Mosul Dam Lake is a vital water resource in Iraq, and finding a predictive model for water inflows to the lake is important for 

managing stored water and controlling floods. This study proposes using the Support Vector Machine (SVM) mechanism for 

modeling and predicting water inflows to Mosul Dam Lake. The SVM model will be applied to data of water inflows for two 

previous years. The performance of the SVM model will be evaluated using metrics such as Mean Absolute Error (MAE) and 

Root Mean Square Error (RMSE). The results of this study can help improve the accuracy of predicting water inflows to Mosul 

Dam Lake, enabling better decision-making for water resource management. 

 

2. Time Series 

Time series are considered one of the most used statistical methods in daily life fields where it is desired to analyze their 

phenomena for a certain period of time and then predict them in the future. Among the most important fields of time series usage 

are in commerce (sequential weekly or monthly sales data), in economics (monthly unemployment and employment statistics), 

in sociology (crime statistics), in nature and engineering (rain statistics and chemical batch operation data), and in medicine and 

public health (epidemic disease statistics and vaccination statistics). [1, 4] 

 

3. Support Vector Machines (SVM) 

Support Vector Machines are based on Statistical Learning Theory. SVM is considered a supervised learning algorithm, aiming 

to find the best hyperplane that classifies the data as accurately as possible "[11]. 

Support Vector Machines (SVM) were employed for a variety of tasks, particularly classification and liner and nonlinear  
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regression issues. In particular, time series forecasting, stock 

price prediction, and weather forecasting "[2, 10]. 

" Support Vector Machines operate in time series using a 

similar technique to classification: A maximum-margin 

hyperplane is used to split the data after it has been mapped 

to a higher-dimensional space. the main goal is to find a 

function that can strictly predict future values"[3]. 

Examine a training set of n data points 𝑥𝑖, 𝑦𝑖 𝑛  with input 

data xi p, where p represents the total number of patterns 

in the data, and the output is yi .building SVM to converge 

a function often entails executing a linear regression in the 

feature space after nonlinearly mapping the data x into a high-

dimensional feature space. 

Support Vector Machines takes the following form to 

approximate the function: 

 

 (1) 

  

When the input spacex is nonlinearly translated to a high-

dimensional feature space denoted by φ(x). [7] [15]. 

The following function is minimized in order to estimate the 

coefficients w and b: 

 

  (2) 

 

Subject to the following constraints: 

 
𝑦𝑖 − 𝑤𝑡𝜑(𝑥𝑖) − 𝑏 ≤ 𝜀 

𝑤𝑡 𝜑(𝑥𝑖) + 𝑏 − 𝑦𝑖 ≤ 𝜀 (3) 

 

Minimize 

  

  (4) 

  

Subject to the constraints: 

  

𝑦𝑖 − 𝑤𝑡𝑥𝑖 − 𝑏 ≤ 𝜀 + 𝜉𝑖 
𝑤𝑡 𝑥𝑖 + 𝑏 − 𝑦𝑖 ≤ 𝜀 + 𝜉𝑖 
𝜉𝑖, 𝜉𝑖∗ ≥ 0 (5) 

 

Equation (4)'s initial term (1/2) In order to determine the 

tradeoff between the regularized term and the empirical error, 

wTw stands for the weights vector norm, yi for the desired 

value, and C for the regularized constant. The approximation 

accuracy applied to the training data points is represented by 

ε, which is also known as the tube size of SVM. Here, we 

introduce the slack variables ξ and ξ*. The decision function 

provided by Eq. 4 adopts the following explicit form by 

utilizing Lagrange multipliers and taking advantage of the 

optimality constraints.: 

 

 
 (6) 

 

With the constraints: 

 

  (7) 

  

This can also be expressed in the form: 

 

 (8) 

 

in generally: 

 

  (9) 

 
where K  x, xi  represents kernel function[7, 8]. 

Kernel value is equal to the interior product of two vectors, 

Xi and Xj, in the area of feature φ(xi) and φ(xj), that is, 

 

 (10) 

 

The kernel function examples include: 

 
 

There are different types of SVM models, These models 

depending on the different parameters ( ,c,  ) which are 

experimentally selected for a limited number of values, the 

appropriate range for C =1,10,100,1000 [6] [12]. In order to 

obtain a more comprehensive analysis, we have 

expanded the maximum range to 10,000. the appropriate 

range for γ =0.0001 TO 100 [9, 14]. 

(γ, r, d )are represent kernel parameters; kernel parameter 

should be chosen carefully, It is responsible for determining 

the structure of the high-dimensional feature space φ(x) and 

controls the complexity of the final solution. [13]. 

 

4. Data Fitting for SVM 

The time series Included 730 daily incomes to the lake of al-

Mosul dam from 2023-2024, Figure 

1. Show the Autocorrelation Function of the series it can be 

observed that it stable, Ten percent of the series point were 

used for SVM testing, and the remaining ninety percent were 

used to training. Addition, ten-fold cross-validation was 

carried out. 
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Fig 1: Observed ACF of the water flow Series 

 

Utilizing SVM forecasting a time series {x1, x2,., xn},Time 

series should be transferred into an 

autocorrelated dataset. This implies that the correlated 

variables of the input should be the prior value 𝑥̅𝑡 = 

{𝑥𝑡−1, 𝑥𝑡−2, …, 𝑥𝑡−𝑝} if {xt }is the forecasting target value, 

y={ xt } p is an embedding dimension in this case. 

We took into account how the predicting horizon and the 

embedding dimension affected SVM performance. Practical 

issues have to be taken into consideration while choosing the 

embedding dimension. We were able to collect time series 

data that was appropriate for SVM learning by transferring 

the data in this manner. The RMSE was used to assess the 

prediction performance. We had to first figure out the ideal 

embedding dimension p because we were unsure of it. We 

conducted our initial trials with p= {2,3,4,5,6,7,8,9}, with all 

other circumstances held constant. We determined that five-

day-lag daily indices were best suited for predicting the 

following day's index based on these studies, which showed 

that the RMSE was lowest when p=5. The time series 

observation is divided in half. In the first, 657 observations  

(90 percent of the series) were employed for both validation 

and training, helping to determine the best parameters for the 

SVM. The final 73 data observations (10% of the series) 

made up the test set, which was used to assess SVM's 

prediction ability. The number of support vectors and the 

generalization error regard to C and ε were investigated 

because there is no systematic way to choose the free 

parameters of SVMs. The validation set was used to 

determine the kernel parameters C and γ. The number of 

support vectors and RMSE in relation to the free parameters 

were examined. The kernel function of the SVMs in this 

study was the Gaussian function. The following table shows 

several models of SVM Different depending on their 

parameters, these models were compared using two basic 

criteria: the training error and the number of support vectors. 

The parameter values used were as follows by using (Minitab 

program) : 

C: 1, 10, 100, 1000, 10000 

γ:0.0001, 0.0005, 0.001, 0.005, 0.01, 0.05, 0.1, 0.5, 1, 10, 30, 

50, 70, 100 

Table 1: SVM model for water flowing series of the Mosul Dam Lake 
 

model C γ Number of Support Vectors Training Error model C γ Number of Support Vectors Training Error 

M1 

 

 

 

1 

0.0001 300 845.365791 M8 

 

 

 

1 

0.5 245 165.288704 

M2 0.0005 294 657.214782 M9 1 215 142.338214 

M3 0.001 291 561.284103 M10 10 154 77.204198 

M4 0.005 287 432.221867 M11 30 127 53.884059 

M5 0.01 285 414.100287 M12 50 121 44.387946 

M6 0.05 282 384.510237 M13 70 112 37.199531 

M7 0.1 279 340.881046 M14 100 108 19.349981 

M15 

 

 

 

10 

0.0001 286 577.102273 M22 

 

 

 

10 

0.5 234 153.883619 

M16 0.0005 281 480.748102 M23 1 228 150.441028 

M17 0.001 279 458.210996 M24 10 140 96.351098 

M18 0.005 276 460.744401 M25 30 111 63.882493 

M19 0.01 269 366.308591 M26 50 107 38.559304 

M20 0.05 265 320.407716 M27 70 102 21.260336 

M21 0.1 255 277.518409 M28 100 97 17.511872 

M29 

 

 

 

100 

0.0001 279 425.205518 M36 

 

 

 

100 

0.5 216 148.344861 

M30 0.0005 274 407.347100 M37 1 213 142.359713 

M31 0.001 268 403.633108 M38 10 131 86.315479 

M32 0.005 259 387.205779 M39 30 110 42.196842 

M33 0.01 255 343.874412 M40 50 103 28.128746 

M34 0.05 249 297.298671 M41 70 98 17.351983 

M35 0.1 247 247.344812 M42 100 92 10.249851 

M43  

 

 

1000 

0.0001 282 418.746103 M50  

 

 

1000 

0.5 218 140.387762 

M44 0.0005 277 413.559143 M51 1 209 136.658736 

M45 0.001 271 407.288934 M52 10 118 66.322846 

M46 0.005 266 383.977105 M53 30 112 49.736874 
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M47 0.01 263 369.544601 M54 50 103 38.354183 

M48 0.05 254 281.349751 M55 70 96 26.354987 

M49 0.1 248 231.910057 M56 100 94 17.339428 

M57 

 

 

 

10000 

0.0001 283 406.566302 M64 

 

 

 

10000 

0.5 214 141.669713 

M58 0.0005 273 428.699107 M65 1 190 124.610038 

M59 0.001 264 419.488503 M66 10 116 46.217763 

M60 0.005 255 357.446309 M67 30 105 16.331874 

M61 0.01 249 271.010087 M68 50 103 14.001874 

M62 0.05 246 244.896604 M69 70 97 12.957213 

M63 0.1 241 190.337504 M70 100 95 10.318732 

The best model is C=100, γ = 100, which contains 92 support 

vectors through Table (1). It was found that Model 42 has the 

least training error and the least number of support vectors. 

Therefore, it will be used in predicting future values (Test 

Set). 

 

Table 2: Observed and forecast value of the daily incomes to the lake of al-Mosul dam from 2023-2024 for 73 observed data points at end of 

2024 using the optimal SVM 
 

No. Observed Forecasted No. Observed Forecasted 

1 183 191 38 78 81 

2 115 111 39 69 73 

3 131 136 40 81 84 

4 118 122 41 119 124 

5 123 124 42 114 118 

6 147 147 43 121 120 

7 185 196 44 121 122 

8 104 108 45 107 109 

9 109 113 46 92 95 

10 101 108 47 107 108 

11 80 87 48 88 90 

12 80 82 49 86 93 

13 41 45 50 78 80 

14 48 51 51 82 84 

15 42 42 52 87 89 

16 118 123 53 129 131 

17 164 170 54 152 153 

18 187 186 55 180 184 

19 166 164 56 193 194 

20 177 179 57 192 196 

21 175 178 58 159 163 

22 226 225 59 143 145 

23 195 197 60 122 123 

24 137 140 61 118 118 

25 189 188 62 104 108 

26 73 77 63 169 171 

27 45 46 64 128 133 

28 55 58 65 131 129 

29 75 77 66 107 108 

30 59 62 67 95 98 

31 83 86 68 132 135 

32 71 74 69 148 152 

33 60 63 70 129 130 

34 60 63 71 149 149 

35 61 64 72 160 165 

36 68 72 73 167 168 

37 71 73    
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Fig 2: Shows the original values of the time series and the forecast values 
 

Conclusion 

Time series data of water quantities flowing into Mosul Dam 

Lake were analyzed during the time period from the 

beginning of 2023 to the end of 2024 (730 days), used 

Support Vector Machines, in order to train the SVM and 

identify the optimal parameter, the first 657 observed points 

were used for validation, the remaining items constitute the 

test set, 73 data points were detected (10% of the series) 

which was utilized to test SVM's predictive ability, the kernel 

parameters γ and C values used(C=1-10000) & (γ=0.0001-

100), The best model is C=100, γ = 100, which contains 92 

support vectors. It was found that Model 42 has the least 

training error and the least number of support vectors. 
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