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Abstract: Silver, a precious metal, sees its spot price influenced not only by current 

supply and demand dynamics but also by investors' expectations regarding future 

inflation and broader economic conditions. Hence, the primary aim of this research is to 

forecast the annual closing silver price and refine this forecasting using wavelet 

transformation. The study intends to scrutinize the time series data of yearly closing 

silver prices from 1969 to 2022. Employing the modern approach of GARCH (1, 1) 

methodology, known for its accuracy and adaptability in time series analysis, the 

research seeks to enhance forecasting precision by incorporating wavelet 

transformation. Specifically, the focus lies on forecasting yearly closing silver prices 

using the GARCH (1, 1) model and refining these forecasts through wavelet 

transformation. The findings reveal that the GARCH (1, 1) model offers the best fit and 

efficiency, as indicated by minimal metrics such as RMSE, MSE, and AIC. Moreover, 

upon applying wavelet GARCH (1, 1) to the GARCH (1, 1) model, the adjusted 

forecasts exhibit reduced RMSE, MSE, and AIC compared to the original GARCH (1, 

1) forecasting. 

Keywords: ARCH and  GARCH method and Wavelet de-noising, Box -jenkins method 

Time series analysis, silver price. 

 
 GARCH(1,1)التنبؤ بسعر الفضة عند إغلاق السوق باستخدام التحويل المويجي لنموذج 
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 ، العراقالسليمانية، كلية التجارة –جامعة السليمانية ( 1،2)
 ، العراقالسليمانية، كلية الادارة والاقتصاد –جامعة السليمانية  (3)

 
تتأثر أسعار الفضة وهي من المعادن الثمينة، ليس فقط بديناميكيات العرض والطلب الحالية، ولكن  المستخلص:

ساسي أيضًا بتوقعات المستثمرين بشأن التضخم المستقبلي والظروف الاقتصادية الأوسع. وبالتالي، فإن الهدف الأ

من هذا البحث هو التنبؤ بسعر إغلاق الفضة السنوي وتحسين هذه التنبؤات باستخدام تحويل المويجات. تهدف 
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. باستخدام 2022إلى  1969الدراسة إلى تحليل بيانات السلاسل الزمنية لأسعار إغلاق الفضة السنوية من عام  

لتكيف في تحليل السلاسل الزمنية، يسعى البحث إلى ( الحديثة، المعروفة بدقتها وقابليتها ل1,1)GARCHمنهجية 

تحسين دقة التنبؤ من خلال دمج تحويل المويجات. تحديداً، يركز البحث على التنبؤ بأسعار إغلاق الفضة السنوية 

( ومن ثم تحسين هذه التنبؤات عبر تحويل المويجات. وتكشف النتائج أن نموذج 1,1)GARCHباستخدام نموذج 

GARCH(1,1 ) يوفر أفضل ملاءمة وكفاءة، كما هو موضح من خلال الحد الأدنى لمقاييس مثلRMSE 

(، تظهر التنبؤات المعدلة انخفاضًا في 1,1)GARCH. عند تطبيق تحويل المويجات على نموذج AICو MSEو

RMSE وMSE  وAIC  مقارنةً بتنبؤات نموذجGARCH(1,1.الأصلية ) 

جينكز، تحليل -المويجية، طريقة بوكسوإزالة الضوضاء  GARCHو ARCHطريقة  الكلمات المفتاحية:

 .السلاسل الزمنية، سعر الفضة
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its superior computational efficiency, which allows it to be trained using graphics cards. Current 

research is also exploring the application of artificial neural networks in stacked machine learning 

models for predicting the level of volatility in the S&P 500 index. These models integrate forecasts 

from GDB, Random Forest, and SVM using a specific function to generate a single prediction. 

They demonstrate competitive performance compared to traditional independent models. 

The company's goal is to obtain accurate and reliable forecasts for this volatile data type, and each 

of the previously stated studies has presented new methods for volatility forecasting. Significant 

noise and complex behavior that is difficult to adjust to are characteristics of instability data; these 

characteristics are impacted by several outside variables and current market conditions. No model 

combining wavelet transform, ARIMA, and GARCH for volatility prediction was found even after 

a thorough review of the literature. This proposed approach analyses the approximate and detailed 

components obtained from discrete wavelet transform using ARIMA and GARCH. 

 

A. Building a GARCH Model 
[1]

 

In time series analysis, the construction of any ARCH or GARCH model requires the following 

steps: 

 

Specification of GARCH Model: A suitable GARCH model has to be specified after GARCH 

effects are found. Finding the order of the GARCH model the number of error terms and lagged 

conditional variances in the model is part of this. The order of the GARCH model, marked by 'p' for 

the autoregressive component and 'q' for the moving average component, is known as GARCH (p, 

q).  

 

Parameter Estimation: To ascertain the main features of the GARCH model, we must first 

identify it. Maximum likelihood estimate (MLE) is a widely used technique for doing this. 

Considering the GARCH model, MLE essentially looks for the parameter configuration that will 

allow it to observe the real data we have the best. This is determining the best values for a 

mathematical function that reflects this probability using specialized computer methods. 
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 B. Testing GARCH Effects (Test of heteroscedasticity)
 [6] [4] [2]

 

Test for GARCH effects, or heteroskedasticity, is one of the methods used in several methods to 

find conditional volatility clustering in time series statistics. Engle's Lagrange Multiplier test and 

the Ljung-Box Portmanteau Q statistics are the two widely utilized techniques.  

 

(1) Ljung-Box Portmanteau Q Statistics 
[8] 

To conduct this test, time series data can be fitted with a GARCH model, and the residuals can then 

be obtained. Next, square these residuals to get the squared residuals, and figure out the squared 

residuals' autocorrelation function (ACF). This determines the correlation between the squared 

residuals at various lags and uses the following formula to compute the Q statistic, also known as 

the Ljung-Box statistic: 

 

Q = n(n+2) ∑
𝑝̂ 𝑘
2

𝑛−𝑘

ℎ
𝑘=1              (1) 

 

: 

 

 Historical Volatility: Utilising historical price or return data, this method quantifies the 

extent to which the price or returns of an asset have varied throughout a designated 

timeframe. 

 Implied Volatility: derived from option pricing and represents the volatility predictions of 

the market going forward.
 

 

D. Identification of a GARCH Model 
[2, 6] 

The correct order of a GARCH (Generalised Autoregressive Conditional Heteroskedasticity) model 

and the lag lengths for the autoregressive and moving average components are determined by the 

identification of the model. This is the usual flow of the identifying procedure:  

 

 Choosing the Order: A GARCH model can have an order indicated by GARCH (p, q), where 

'p' stands for the order of the autoregressive component and 'q' for the order of the effecting 

average component. The 'p' and 'q' selection depends on the squared residuals' autocorrelation 

and partial autocorrelation functions that are derived from the model's preliminary estimation. 

 Component (p) Autoregressive (AR): The reliance of the present volatility on its previous 

values is captured by the autoregressive component. We choose the suitable lag length 'p' 

according to the squared residuals' partial autocorrelation function (PACF). Significant partial 

autocorrelation at lag 'p' means that volatility autocorrelation requires 'p' lags to be captured. 
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 wavelet is outlined as follows  

                        𝜓(𝑥) =  𝜙(2𝑥) −  𝜙(2𝑥 − 1)  (9) 

 

                                       𝜓(𝑥) =   {

1,              0 ≤ 𝑥 <
1

2

−1,           
1

2
≤ 𝑥 < 1

0,               𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒.

                        (10) 

 

(2)  Haar Wavelet’s properties 
[10]

; 

Properties of the Haar wavelet include its compact support, orthogonality, localization in time and 

frequency domains, simplicity, and efficiency in detecting abrupt changes or edges in signals. 

 

(3)  Level Haar Transform 
[11] 

       1st level Haar Transform for f =  (x1, x2, x3, . . .  , xN) is given by: 

              𝑓 
𝐻1
→ (𝑎1|𝑑1)                                       (11) 

               𝑎1 = 
𝑥1+𝑥2

√2
,
𝑥3+𝑥4

√2
, … ,

𝑥𝑁−1+𝑥𝑁

√2
                           (12) 

               𝑑1 = 
𝑥1−𝑥2

√2
,
𝑥3−𝑥4

√2
, … ,

𝑥𝑁−1−𝑥𝑁

√2
                           (13) 

 

The list continues so for other levels.  
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 3- Application Part 

A. Data Collection 

The study’s dataset is a series of annually closing silver prices in dollars for the period of 1969 to 

2022 that has been taken from the World Bank website, each R-language, Matlab, and Eviews have 

been used to perform the analysis. 

 

B. Model fitting for the mean equation 

The time series data under test must exhibit stationary. Consequently, the Augmented Dickey-Fuller 

(ADF) test for stationary was employed, as demonstrated in Table 1 below: 

 
Table (1): demonstrates the results of the unique root test 

     
   t-test p.v 

     ADF test value -3.125222 0.0314 

Test critical values: 1% level  -3.577723  

 5% level  -2.925169  

 10% level  -2.600658  

     
The table indicates that the p.v is below the given critical value of 0.05, indicating that the series 

has a unique root pattern. 

 

0

5

10

15

20

25

30

35

40

45

5 10 15 20 25 30 35 40 45

Silver Price

 

Figure (1): Shows the pattern of the data 

 

Once the series meets the condition of stationary, we proceed to fit the mean equation model, as 

illustrated below: 

 
Table (2): Represents the fit of the mean equation model 

Variable Coefficient Std. Error z-test p.v 

C -2.801702 0.1471 -19.046 0.000 

     
 

According to Table (2), since the p-value is below 0.05, it can be inferred that the model is 

statistically significant. 
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Figure(2): shows the residuals of the mean equation 

 

The main aim is to determine whether the ARCH's hypothesis influences the equation of the mean. 

To realize this, the heteroskedasticity test ARCH is utilized, and its consequences are demonstrated 

in Table (3): 

 

H0: There is no ARCH effect           Vs          H1: there is an ARCH effect 

 
Table (3): shows the heteroskedasticity test ARCH 

Heteroskedasticity Test: ARCH   

F-statistic           16.6701 Prob.  F(1,47) 0.001 

   
 

The value of p is below five percent which indicates acceptance of the alternative hypothesis by 

implying the presence of the ARCH effect. Consequently, two critical assumptions for employing 

the GARCH model, namely series stationarity and ARCH effect in the mean equation model, have 

been satisfied. Thus, the GARCH model can be utilized for volatility forecasting. 

 

C. Fitting GARCH (1,1) 

The GARCH (1,1) model is executed, and its outcomes of fitting are displayed in Table (4) below: 

 
Table (4): demonstrates the fit of the GARCH (1,1) model 

     
Variable Coefficient Std. Error z-test p.v   

 Variance Equation   

C -2.736143 0.18159 -15.041 0.000 

RESID(-1)^2 1.274112 0.25505 4.995 0.001 

GARCH(-1) -0.010430 0. 00273 -3.819 0.013 

     
 

According to the information that is provided in the table above, it is obvious that the variance 

equation of estimators is significant. This is detected by the p.v that is less than 5%. To assess 

whether the GARCH (1,1) model is affected by serial correlation of residuals it is required to 

conduct tests on the residuals. 

 

H0: There is no serial correlation of residuals.  Vs  H1: There is a serial correlation of residuals. 
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 Table (5): Represents the testing of ACF and PACF 

Autocorrelation Partial Correlation  AC PAC Q-Stat Prob* 

. |
 p
.    | . |

p
.    | 1 0.166 0.166 1.4137 0.234 

.
 p
| .    | .

 p
| .    | 2 -0.114 -0.145 2.0860 0.352 

. | .    | . |
 p
.    | 3 0.049 0.100 2.2149 0.529 

. | .    | . | .    | 4 0.055 0.010 2.3781 0.667 

. | .    | . | .    | 5 -0.007 -0.000 2.3806 0.794 

. | .    | . | .    | 6 0.014 0.022 2.3913 0.880 

.
 p
| .    | .

 p
| .    | 7 -0.079 -0.098 2.7533 0.907 

. | .    | . |
 p
.    | 8 0.040 0.086 2.8491 0.943 

. | .    | . | .    | 9 0.050 -0.001 3.0054 0.964 

. |
 p
.    | . |

 p
.    | 10 0.112 0.138 3.7918 0.956 

       
 

Based on the data presented in the table above, the p.v for the 10 lags exceeds 0.05, leading us to 

accept the null hypothesis. 

The last examination involves the ARCH heteroskedasticity test to determine whether the proposed 

model is suitable or not. The findings are displayed in Table (6) below:  

 

H0: ARCH has no effect.       Vs          H1: ARCH has an effect. 

 
Table (6): Represents the test of the ARCH effect. 

Heteroskedasticity Test: ARCH    

F-Statistic  0.040651 p.v.F(1,47) 0.6821 

GARCH(-1) 0.039207 p.v. Chi-Square(1) 0.6932 

 

Up to the data provided in the table above, it is evident that the p.v exceeds 0.05, indicating that we 

can accept the null hypothesis, H0. 

 

 

 

Figure (3): illustrates the plots of the wavelet-transformed data. 
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Figure (4): illustrates the graph of real data, predicted, and residuals. 

 

 
Table (7): demonstrates the evaluation metrics Evaluation Metrics 

Models RMSE MAP AIC 

GARCH(1,1) 1.368 1.871424 2.746601 

Wavelet GARCH (1, 1) 1.0331 1.067296 1.3701 

 

 
Table (8): represents the forecasted values of Wavelet GARCH (1, 1) 

 

Period Forecasted 

54 23.434 

55 27.887 

56 18.615 

57 16.241 

58 18.208 

59 17.4 

60 14.581 

61 17.118 

62 23.386 

63 31.458 

64 29.257 

65 31.12 

 

 

 

 

 

 

 

 

-10

0

10

20

30

40

50

5 10 15 20 25 30 35 40 45

Data Forecated Residuals



University of Kirkuk Journal For Administrative 

and Economic Science (2024) 14 (2): 178-189 

 

ISSN:2222-2994   Vol. 14  No.2                                                                                                 189 

  

4- Conclusions & Recommendations 

 

A. Conclusions  
How we forecast volatility has advanced significantly using the Wavelet GARCH model. The advantages of 

the two methods are combined in it: 

The model known as GARCH is particularly good at showing how volatility varies with time. 

Wavelet transforms are frequency and time domain data analytic techniques. 

These components taken together provide a powerful paradigm for financial data volatility analysis and 

prediction.  Overcoming the shortcomings of earlier models, the Wavelet GARCH model makes it possible 

to represent volatility patterns at different time scales more adaptable and flexible. This is quite beneficial in 

the financial markets since the volatility there can be complex and non-linear over a variety of timeframes. 

 

B. Recommendations 
The expected value increase of silver makes it a recommended investment to diversify portfolios, according 

to researchers. Although silver can be a hedge against economic upheaval, managing swings in silver prices 

requires careful monitoring of economic data such as inflation and interest rates. Tools for technical analysis 

can point up patterns that can guide wise investing choices. The Wavelet GARCH (1,1) model and deep 

learning algorithms are also compared in this work for silver price prediction. 
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