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ABSTRACT  

Understanding groundwater recharge variations is crucial for assessing the impact of climatic and solar influences on water resources. We attempt here 

to quantify the cyclic solar forcing on groundwater recharge rate (GRR) through the analysis of ~ 700 years of GRR data from the dry lands of the 

Badain Jaran Desert in Northwest China and Total Solar Irradiance (TSI) data using principal component analysis and statistical methods. Our results 

confirm a significant role of solar activity in groundwater recharge variations. Singular spectrum analysis of GRR and TSI time series reconstructed 

from the first three principal modes, revealed common spectral peaks, indicating a significant influence of solar activity on GRR. We observed that a 

small portion of solar variation (~ 0.021%) of TSI appeared in the second and third eigenmodes of TSI, is found to be responsible for the ~200-year 

cyclic variability. Approximately 33.66% of the GRR variability is attributed to long-term solar activity trends, while 11.81% is associated with the 

~200-year Suess solar cycle. Additionally, residual spectral analysis suggests potential influences of shorter solar cycles (63±10 years, 33±3 years, 24±2 

years, and 18±2 years) and non-linear solar phenomena. Thus, this study provides critical insights into the coupling between solar activity and 

groundwater recharge, emphasizing the importance of long-term and cyclic solar influences, in modeling future groundwater scenarios under changing 

climatic conditions. 
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INTRODUCTION 

Understanding changes in groundwater recharge is crucial 

for society, as it requires analyzing the sensitivity of recharge 

processes to both internal and external factors that influence 

groundwater availability. These changes are predominantly 

driven by climatic variations, with temperature, precipitation, 

and evapotranspiration being among the key factors. 

Numerous studies have explored the potential links between 

climate change and water resources (Goderniaux et al., 2009; 

Green et al., 2011; Newcomer et al., 2014; Rossman et al., 

2014; Zhang et al., 2014; Shamir et al., 2015). A detailed 

statistical or mathematical analysis to identify trends and 

cyclic patterns in long-term groundwater fluctuation rates, as 

well as their potential links to influencing processes, is 

crucial for improving the modeling of groundwater recharge. 

Since groundwater recharge is increasingly recognized as a 

proxy for climate change, such an analysis would provide 

valuable insights into climate and environmental changes. 

Researchers have compared groundwater recharge rate 

(GRR) data with various climatic indicators, including tree 

rings, unsaturated zone profiles, and sunspot numbers, to 

explore these relationships (Gates et al., 2008; Tiwari and 

Rajesh, 2014). 

Tiwari and Rajesh (2014) have shown evidence of a ~200-

year solar suess cycle and its impact on the long-term 

groundwater recharge rates by analyzing proxy 

reconstructed GRR (Gates et al., 2008) and Sunspot Number 

(Solanki et al, 2004) data. They have suggested that ~48% of 

the recharge is controlled by this ~200-year solar cycle. 

However, in the above study, a quantified relationship 

between solar energy (TSI) and GRR was not established. 

According to them, during the reversal phase of sunspot, the 

increased TSI through facular excess emission (Frohlich, 

2000, 2009) enhances the evaporation of surface water and 

thereby reduces the infiltration. Such an increase in TSI will 

also cause a change in the timing and intensity of 

precipitation, which might affect the groundwater recharge. 

However, the TSI data was not used in their study to quantify 

the percentage of TSI variation that drives the groundwater 

recharge rate variation at ~200-year periodicity. Therefore, 

in the present study, we use advanced statistical and spectral 

methods to identify the significant correlations between 

GRR and TSI, to estimate the percentage of TSI variation 

responsible for ~200-year cyclic variation in GRR.  

METHODS AND DATA SOURCES 

 Singular Spectrum Analysis (SSA) 

The time series X(t) of length N is embedded into the 

trajectory matrix Tl×k using an appropriate window length ‘l’ 

guided by weighted correlation (here k=N-l+1). In the next 

step, we apply singular value decomposition to decompose 

the trajectory matrix into eigenvectors and eigenvalues as 

shown in Equation 1.  

𝑇 = ∑√𝜆𝑖𝑈𝑖𝑉𝑖
𝑇

𝑑

𝑖=1

      (1) 

Where λi is the ith Eigen value corresponding to the ith 

eigenvector Ui of TTT. The triple (√λi,Ui, Vi) is called the ith 

Eigen triple and d is the number of Eigen triples with nonzero 

Eigenvalues. We identify the significant individual and 

paired Eigen triplets from proper analysis of Eigen spectrum 
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and Eigenvectors for principal component/Eigenmode 

reconstruction. From these identified Eigen triplets, we 

reconstruct the trajectory matrix using the following equation 

2. 

𝑇𝑟 = ∑√𝜆𝑖 𝑈𝑖𝑉𝑖
𝑇

 

𝐺

   (2) 

Here the summation is over the selected Eigen triplets 

denoted by group G. Finally, the Eigenmodes / principal 

components can be obtained through the diagonal averaging 

of the reconstructed trajectory matrix (Vautard and Ghil, 

1989; Golyandina et al., 2001; Tiwari and Rajesh, 2014; 

Rekapalli and Tiwari, 2015).  

 Eigen weighted cross-correlation  

Although the qualitative analysis of eigenmodes of different 

data sets explains the physical process and relationship 

between them, cross-correlation coefficients help to quantify 

the relation. Pearson’s cross-correlation coefficients are 

computed between the principal/eigenmodes of two-time 

series data to identify their association or dynamical 

influences. The cross-correlation coefficients between 

different eigenmodes are generally calculated by giving equal 

weight to each Eigenmode. However, we have noticed a 

problem with the standard sample cross-correlation 

coefficient calculation approach as different eigenmodes 

contribute differently to the entire process. We suggested a 

new approach in which Eigenvalues are introduced as 

weights in the correlation coefficient computation to 

overcome the above (Rajesh and Tiwari, 2018). Eigen 

weighted cross-correlation coefficient (ECC) between 

Eigenmodes A and B of two different time series with 

eigenvalue percentages ‘a’ and ‘b’ is given as 

𝑐𝑛𝑒𝑡 =
𝑐 ∗ (𝑎 + 𝑏)

2
  (3) 

Here ‘c’ is the sample cross-correlation coefficient between 

the eigenmodes A and B. The following example illustrates 

the above idea. Consider the cross-correlation coefficient 

estimated between two modes of respective eigenvalue 

percentages 0.2 and 0.5 is 0.9. However, this value (i.e., 0.9) 

may not suggest a strong correlation between the two data 

sets because the Eigenmodes with 0.2 and 0.5 eigenvalue 

percentages represent 20% and 50% of the respective time 

series. Hence, we propose the above formula (eq. 3) for more 

accurate quantification of Eigenmode correlations that 

signify the physical relationship between the source data.  

If we use equation (1) for the above example, the net Eigen 

weighted correlation between the two eigenmodes with 

eigenvalue percentages 0.2 and 0.5 respectively and a 

standard cross-correlation of 0.9 is  

𝑐𝑛𝑒𝑡 =
0.9 ∗ (0.2 + 0.5)

2
= 0.315 

If a single eigenmode from the first dataset correlates with 

multiple eigenmodes from the second dataset, the net 

correlation coefficient is calculated by summing the 

correlation coefficients of all individual correlating pairs. 

This net correlation gives us the quantitative estimate for the 

physical relationship between two processes related to the 

two Eigenmodes.  

 Groundwater recharge rate (GRR) data 

Groundwater recharge history (mm/year) of 700 years 

reconstructed using the mass balance of chloride from 

densely sampled homogeneous profile (Edmunds et al., 

2006) of the unsaturated zone, taken from Gates et al (2008), 

is used in the present analysis (Tiwari and Rajesh, 2014). 

According to Gates et al (2008), the timing of decadal or 

century-scale fluctuations cannot be reliably discerned due to 

the uncertainty in chloride (CL) inputs. Hence, the 

groundwater recharge record may show some resolution 

problems and phase errors (Gates et al, 2008; Tiwari and 

Rajesh, 2014). However, the recharge history shows the wet 

periods around AD 1380, 1580, and 1750, approximately 

with ~ 200-year intervals with dominant quasi-periodic dry 

phases in between. Also, some intermittent short-term wet 

and dry periods were observed between 1800 – 1900 (Tiwari 

and Rajesh, 2014). 

Total Solar Irradiance (TSI) data 

The TSI data used in the present study is part of 9300 years 

of solar irradiance reconstructed from the open solar 

magnetic field, estimated from cosmogenic radionuclide 10Be 

(Steinhilber et al., 2008, 2009) measured in ice cores GRIP 

(Vonmoos et al., 2006) and South Pole (McCracken et al., 

2004), besides neutron monitor count rates (Usoskin et al., 

2005). The data at 5 years resolution are re-sampled from 40-

year running means. This is one of the best available TSI data 

to test the claimed links between groundwater recharge rate 

and TSI.  

RESULTS and DISCUSSION 

Role of solar activity on groundwater recharge 

The raw data of GRR and TSI (Figures 1a and 1b) show a 

common long-term trend along with superimposed short-

term nonstationary oscillations. Pearson’s correlation 

coefficient of 0.61 was noticed between the groundwater 

recharge rate and TSI raw data sets. SSA allows us to 
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scrutinize such complex data to identify independent 

principal modes for physical interpretation. The GRR and 

TSI data (Fig. 1) are decomposed using the SSA method 

using the window length of 40 and 200 years respectively. 

We have estimated these window length values using the 

weighted correlation method (Tiwari and Rajesh, 2014; 

Tiwari et al., 2016). The statistical validation of errors and 

resolution of the GRR and TSI data are systematically 

verified and discussed by us and by several other researchers 

(Gates et al, 2008; Steinhilber et al., 2008, 2009; Tiwari and 

Rajesh, 2014). The first three principal modes of GRR and 

TSI data sets represent the long periodic trend and oscillatory 

components. Hence, we analyze the GRR and TSI signals 

reconstructed from the first three principal modes shown in 

Figure 2a (Tiwari and Rajesh, 2014) to demonstrate the 

relationship between GRR and TSI. The amplitude of ~200-

year periodic variation in GRR increased gradually from 

1305 to 1985. But, the amplitude of the ~ 200-year cyclic 

mode of TSI gradually decreased from 1305 to 1985. One can 

visually see from Figure 2a that the peak changes appeared 

in GRR amplitudes (maximum to minimum) during the 

lowest TSI variation. The standard sample cross-correlation 

(Box et al., 1994) along with the p-value of the Null 

hypothesis rejection test for randomness in correlation and 

Eigen-weighted cross-correlation coefficients computed 

between the SSA reconstructed signals (Fig. 2a) at different 

Lags are shown in Figure 2b. The sample cross-correlation 

coefficient is higher compared to Eigen-weighted cross-

correlation coefficients. The cyclic pattern observed in the 

correlation analysis (Fig. 2b) attests to the common ~200-

220-year periodic component in both data sets as discussed 

in our previous study (Tiwari and Rajesh, 2014). The shift in 

peak cross-correlation from zero value may be either due to 

errors in the dating process or the 40-year running average 

used in the reconstruction of TSI data. However, as we are 

not interested in searching for the periodic oscillations of 

periods less than 40 years, the lag observed in the cross-

correlation is not significant enough to influence our results. 

Further, Figure 2c and Figure 2d show the spectrum of SSA-

reconstructed GRR and TSI signals respectively. The 

spectrum of GRR and TSI data reveal dominant common 

spectral peaks at periods of ~200±20 (Suess cycle), and 

512±25 (Trend) years with more than 99% confidence levels 

(Tiwari et al., 2016). Hence, our results suggest a persuasive 

role of solar activity on groundwater recharge rate via a long-

term trend and ~200±20-year solar Suess cycle. 

 

Figure 1. Raw data of (a) Groundwater recharge rates, and (b) Total Solar Irradiance data 
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Figure 2. (a) Groundwater recharge rate (top panel) and total solar irradiance (bottom panel) data reconstructed using SSA from 

principal components 1 to 3. (b) Correlation coefficients estimated using conventional cross-correlation (CC) along with the probability 

(p) estimated for the rejection of null hypothesis and Eigen weighted cross-correlation (ECC). (c) Spectrum of SSA reconstructed 

recharge rate data. (d) Spectrum of SSA reconstructed TSI data  

 

Sensitivity of 200-year groundwater cycle to TSI 

variation 

As discussed above, TSI influences the GRR via long-term 

trend and ~200±20 year Suess cycle. The first Eigenmodes of 

GRR and TSI data shown in Figure 3a, contribute nearly 

33.66% and 99.94% variance of total recharge and solar 

irradiance respectively and also depict long-term trends. The 

trend components of GRR and TSI seem to be part of long 

periodic cycles with periodicity greater than or equal to the 

length of the data, which is not discernible here (Rekapalli 

and Tiwari, 2020). The first mode of GRR correlates well 

with the long-term trend of TSI with an eigen-weighted 

correlation coefficient of 0.52 (sample cross-correlation 

coefficient: 0.79) as shown in Figure 3b. Eigen weighted 

cross-correlation coefficient suggests that the forcing by the 

trend of the TSI on GRR is quite significant for modeling 

future patterns of groundwater recharge scenarios. Unlike 

groundwater recharge, solar irradiance follows cycles up to 

million-year periodicities or greater (Tiwari, 2005). The trend 

in the TSI replicates the parts of several long periodic solar 

cycles. Hence, it is inappropriate to conclude that the 99.94% 

variability in the first principal component of TSI is 

responsible for the observed 33.66% variability in the GRR. 

In the future, the availability of longer records may allow for 

discerning the percentage of solar irradiance responsible for 

33.66% variability in the GRR. However, we infer here that 

the 33.66% groundwater recharge rates do not follow the 

~200-year solar cycle and may be regarded as a part of some 

higher-order cycles.  
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Figure 3. (a) The first principal component of Groundwater recharge rate (PC1) and TSI (PC1) reconstructed using SSA. (b) Cross-

correlation coefficient (CC) along with the probability (p) for rejection of null-hypothesis on their correlation (red line) and Eigen 

weighted cross-correlation coefficient (ECC) computed between first principal components of GRR and TSI.  

 

Figure 4. (a) Variation in Groundwater recharge rate (PC2+PC3) and TSI (PC2+PC3) reconstructed using SSA. (b) Cross-correlation 

coefficient (CC) along with the probability of Null hypothesis rejection (red line) and Eigen weighted cross-correlation coefficient 

(ECC) of Groundwater recharge rate (PC2+PC3) and TSI(PC2+PC3). 

 

Figure 5. The power spectrum of the residual GRR signal was reconstructed from eigen modes 2 to 40 using SSA, which depicted the 

spectral peaks at some solar and other nonlinear periods due to beats and modulations.  
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The second and third modes of TSI (0.012%, 0.009%) and 

GRR (6.45%, 5.36%) shown in Figure 4a, are cyclic with a 

periodicity of ~200-205 years. There is a gradual increase in 

the amplitude of this cycle in GRR from 1305 to 1985 

whereas, a gradual decrease in the ~200-year cyclic 

component of TSI. This suggests the enhanced groundwater 

recharge conditions due to the reduction in the 

evapotranspiration of surface water, caused by reduced 

surface temperatures during low TSI. The cross-correlation 

along with the null hypothesis probabilities and Eigen 

Weighted cross-correlation estimated at different lags, are 

shown in Figure 4b. The pure cyclic nature of the correlation 

suggests the existence of the same periodicity in both data 

sets. The peak correlation is observed at lag 23. From the 

eigenvalue percentage of these modes, only 0.021% of total 

solar irradiance is responsible for such a ~200 cyclic 

variation (11.81%) in the groundwater recharge. A sample 

correlation coefficient of 0.63 was noticed between the SSA 

reconstructed signal (from PC2 and PC3) of GRR and TSI. 

However, low-value eigen-weighted cross-correlation 

suggests (0.044) relatively low significance of this mode 

(only 11.81% of the total variance) in the groundwater 

recharge. This year solar cycle is prominent in many 

paleoclimate indicators (Tiwari, 2005). The correlation of 

climate processes with solar activity has been pervasive in 

the past 10,000 years, especially in dry and wet spells 

(Verschuren et al., 2000; Zang et al., 2008; Lean, 2010). 

Several studies inferred the ~200-year solar cycle as a 

dominant and important cycle that influenced the Earth’s 

climate during Holocene (Eddy, 1976; Vasilev et al., 1999; 

Muscheler et al., 2003; Tiwari, 2005).  

Although Tiwari and Rajesh (2014) have successfully 

discussed the first three eigenmodes in the GRR data, the 

contribution of 54.53% residual signal to the total GRR was 

not analyzed. Finally, we estimated the spectral content of the 

residual (PC4 to PC40) of GRR as shown in Figure 5. We 

have computed an Auto Regression (AR) based confidence 

level to avoid the influence of erratic noise present in the 

record. The spectral peaks identified with 63±10y, 33±3y, 

and 24±2y, are consistent and may correspond to some 

lower-order solar periods. The component with 18±2y may 

be due to some nonlinear phenomenon of solar components 

as discussed in Scafetta (2012). The spectral analysis of 

residual signals, within the limits of the data resolution, also 

stands as evidence of solar forcing on groundwater recharge 

rates. Chapanov et al. (2017) calculated the decadal 

harmonics of TSI, LOD-Length Of Day, MSL-Mean Sea 

Level precipitation, and temperature over Eastern Europe are 

analyzed using models of the Jose, de Vries, and Suess cycles 

(periods: 178.7, 208, and 231 years) and their phase 

differences. The periodic decadal cycles (e.g., 33.0, 29.7, 

25.7, 23.1 years) seen in the modeling results highlight solar-

terrestrial interactions. This further suggests the role of solar-

terrestrial interactions on the decadal cycles observed in GRR 

residual.  

CONCLUSIONS 

We analyzed the principal components/eigenmodes in the 

700-year record of groundwater recharge rate data from 

China along with solar activity (Total Solar Irradiance) using 

a new eigen-weighted cross-correlation method to report the 

percentage of solar radiation that is responsible for observed 

trends and cyclic patterns in GRR. Our result suggests that 

only 11.81% of GRR is associated with the solar Suess cycle. 

A part of GRR (33.66%) is associated with the long-term 

trend in solar activity. A small fraction i.e., 0.021% of the 

total solar radiation is responsible for the observed 200±10y 

cyclic groundwater recharge variations. Although the data 

resolution is limited, the residual analysis revealed the 

influence of short-term solar periods and some non-linear 

beating phenomena on groundwater recharge rates from 

China.  
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