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Abstract  1 

Understanding the mechanisms controlling spatial heterogeneity of drip water percolation 2 

into caves is essential for interpreting karst aquifer recharge and speleothem isotopic and 3 

geochemical records for paleoclimate analyses. Here we present the first analysis of drip 4 

rate variability using a novel time-varying Functional Principal Component Analysis (FPCA), 5 

validated against drip water stable isotope composition. Twenty-six drip sites were 6 

monitored across Harrie Wood Cave, south-east Australia, over a 2.5 year period. A positive 7 

relationship with cave drip water hydrology and rainfall and soil moisture was identified, 8 

with soil moisture recording the strongest relationship. FPCA was used to classify drip-water 9 

flow (percolation) pathways based on temporal shifts in the drip rate time series. Our 10 

results reveal that three percolation classes can be used to explain water movement within 11 

the cave: storage baseflow, fracture baseflow and overflow. The successful application of 12 

FPCA in this study suggests that this statistical technique will be useful for the analysis and 13 

interpretation of other large, discontinuous hydrological datasets.  14 

Keywords: time-series, FPCA, percolation classes, spatial analysis 15 

1. Introduction  16 

Karst regions represent 15.2% of the Earth’s land surface (Goldscheider et al., 2020) and 17 

play a key role in society and the environment. Karst regions have the ability to store water, 18 

operate as a carbon sink, and promote biodiversity (Clements et al., 2006; Goldscheider, 19 

2019; Hartmann et al., 2009; Kempe, 1979). Approximately 9.2% of the global population 20 

relies upon karst aquifers for water use (Stevanović, 2019), with an estimated 1.3 billion 21 

people living in karst regions (Goldscheider et al., 2020). These regions, however, are 22 

increasingly being impacted by human activity (Lukač Reberski & Terzić, 2022), highlighting 23 
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the importance of understanding karst recharge processes so that relevant management 24 

plans can be implemented.  25 

The dissolution of karst in the subsurface results in selective pathways, as water flows 26 

preferentially towards fractures, often following geological features such as bedding planes 27 

(Ford and Williams, 2013). Over time, further conduits, fractures, and fissures form, with 28 

some widening enough to form caves (Ford, 2007). These karstic features tend to be more 29 

prevalent in the upper subsurface zone (the epikarst), a region subject to greater 30 

weathering and thus increased fracturing (Williams, 1983). The relationship between rainfall 31 

and karst recharge is typically non-linear, and in some areas water percolation through the 32 

epikarst is indirect, and most likely held in epikarst storage reservoirs for variable time 33 

periods (Baker and Brunsdon, 2003; Partin et al., 2012). These epikarst water storage 34 

reservoirs can drain through the unsaturated zone via a combination of matrix, fracture and 35 

conduit flows, depending on the characteristics of the karst geology. Water flow through the 36 

epikarst is difficult to model due to the heterogenous nature of flow paths, in the 37 

unsaturated zone, which in turn leads to non-uniform percolation rates (Arbel et al., 2010; 38 

Jex et al., 2012; Markowska et al., 2015; Poulain et al., 2018; Sheffer et al., 2011). Cave drip 39 

rates, however, can provide valuable insight into the functioning of the epikarst and wider 40 

karst unsaturated zone, and assist in determining rainfall recharge thresholds and 41 

unsaturated zone storage capacity (Baker et al., 2021).  42 

Traditional statistical methods are typically applied to drip water hydrology time series to 43 

characterise drip percolation type. Multi-dimensional scaling (MDS), traditional Principal 44 

Component Analysis (PCA), Agglomerative Hierarchical Clustering (AHC) and k-means 45 

clustering have been used with time series derived from spatially dense networks of loggers 46 
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to identify similarities between drip sites and clusters respectively (Jex et al., 2012; Mahmud 47 

et al., 2018, Markowska et al., 2015). These conventional statistical cave drip water 48 

classification techniques can be problematic for time series data, however, as they analyse 49 

the discrete values in the drip water timeseries rather than considering the entire shape of 50 

the hydrograph. As a result, they may potentially miss underlying functional behaviour. 51 

Furthermore, traditional statistics tend not to take autocorrelation into account when 52 

calculating degrees of freedom, leading to an overestimation of significance in variation 53 

(Hassani et al., 2012). These issues can be overcome using Functional Data Analysis (FDA) 54 

techniques which express a series of discrete measurements as a function, for example, of 55 

time (Wang et al., 2016). The advantages of FDA include: (1) it does not require uniformly 56 

sampled data, (2) is not subject to parametric assumptions, and (3) it reduces noise across 57 

the data (Ramsay and Silverman, 2005). Furthermore, issues of autocorrelation are 58 

minimised due to the discrete values of a timeseries being considered as a single entity 59 

(Ullah and Finch, 2013). 60 

 Markowska et al. (2015) utilised cross-correlation analyses to determine the relationship 61 

between drip water hydrology, precipitation and soil moisture. To compare, this study also 62 

applies cross-correlation analyses to the drip rate time series.  Markowska et al. (2015) 63 

previously used traditional PCA and AHC techniques to isolate variability and assess 64 

similarities in a one-year drip hydrology time series from Harrie Wood Cave (current study) 65 

to classify the flow types of fourteen drip water sites. Our study builds on this research by 66 

applying Functional Principal Component Analysis (FPCA) to a larger drip rate time series 67 

dataset over a longer monitoring period to assess variability in drip rate with time. FPCA 68 

results combined with cross-correlation analyses and drip water stable isotope composition 69 

are used to characterise drip sites into percolation classes. In doing this we aim to 1) identify 70 
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temporal variability in drip water dynamics to elucidate how water percolates from the 71 

surface to the cave, 2) establish drip rate response to hydrological inputs (precipitation and 72 

soil moisture) and, 3) analyse spatial patterns in drip rate variability and stable isotope 73 

values to conceptualise cave water percolation processes. Drip water stable isotope data are 74 

also assessed for a more robust classification of drip flow type (Campbell et al., 2017), since 75 

isotopic variability can be used to determine whether statistical percolation classification is 76 

logical (Fairchild and Baker 2012).   77 

1. Materials and Methods 78 

2.1. Region and Site Description  79 

The study site is Harrie Wood Cave, located within the Yarrangobilly karst area, Snowy 80 

Mountains, New South Wales, Australia (Figure 1).  81 
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Figure 1: (A) The location of Yarrangobilly and Harrie Wood Cave in New South Wales, adapted from Coleborn 

et al. (2016). Yarrangobilly is in the south-east Australian Region classified as temperate oceanic climate or 

subtropical highland climate (Cfb) as per the Köppen Climate Classification (Peel et al., 2007) (B) Drip logger 

sites used in analysis across Harrie Wood Cave, with cave outline adapted from Nicholl (1974). Drip loggers are 

indicated by circles, with red sites corresponding to storage baseflow, blue sites corresponding to overflow and 
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yellow sites corresponding to fracture flow. Drip site classes are explained in section. 4.1.2 and Figure 8 (C) 

Depth Profile of Harrie Wood Cave adapted from Markowska et al. (2015). 

The region is in a montane temperate environment with dry summers, with an average 82 

temperature of 17° C and wet winters, including snowfall, with an average temperature of 83 

5.5°C (Bureau of Meteorology, 2022). Annual precipitation (1276 mm/a) in the region is 84 

impacted by climate drivers including the El Niño Southern Oscillation (ENSO) (Tadros et al., 85 

2019, 2016) and the Indian Ocean Dipole (IOD) (Risbey et al., 2009; Scroxton et al., 2021). 86 

Due to the steepness of the local terrain, vegetation is sparse and shrubby and shallow soil 87 

covers the surface, with intermittent limestone outcroppings (Figure S1). Notably, the state 88 

of vegetation and soil during the study period may have been impacted by the 2019/2020 89 

Black Summer Bushfires that burnt across the site.  90 

The Yarrangobilly karstic belt formed in the Late Silurian from coral deposits with 91 

karstification occurring along NE/SW faults (Worbys, 1982). Speleogenesis began in the 92 

Pleistocene (Brush, 2016), resulting in highly marbleised and fractured limestone with low 93 

porosity (Spate, 2016), typical of Eastern Australian limestone. Harrie Wood Cave is located 94 

on a steep, northwest facing slope of massive limestone (Figure 1). It was likely developed 95 

through phreatic and vadose processes, with the exposed basalt boulders and gravel in the 96 

lower chamber providing evidence of remnant fluvial deposits (Figure S2) (Brush, 2016; 97 

Spate, 2016).   98 

The cave entrance is at 915 m altitude and follows westwards decline to descend 30 m into 99 

the unsaturated zone, with overburden varying from ~30 m to ~60 m. The cave consists of 100 

two distinct chambers: the upper chamber (~ 20 m x 18 m) and the lower chamber (~ 10 m x 101 

5 m). The two chambers are separated by a fracture zone, characterised by the shift of pale 102 

limestone to darker limestone (Markowska et al., 2015). The upper chamber slopes 103 
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southwards and is adorned with larger stalagmites and massive columns (Figure S3). 104 

Observations during a site visit in September 2022 identified a hydrological gradient with 105 

the upper (northern) reaches characterised by dry calcite, to small pools and puddles 106 

forming in the lower (southern) reaches. The lower chamber is characterised by a fracture 107 

feature, split by draperies and cave popcorn (Figure S3). Speleothems (cave mineral 108 

deposits) in the lower chamber are observed to be smaller and exhibited signs of active 109 

growth fed by constant drip water in September 2022.  110 

2.2. Hydrological, soil, climatic and spatial data  111 

2.2.1. Hydrological Data 112 

Drip percolation in Harrie Wood Cave has been extensively monitored by up to 52 113 

Stalagmate ® Plus Mk2b acoustic drip loggers since 2011, sampling at an interval of 15 114 

minutes. Twenty-six of these loggers were used in this study (Figure 2B). The naming 115 

convention for these loggers is “HW_nb” where HW denotes Harrie Wood, “n” is the site 116 

number and “b” indicates the logger was installed after 2011 (e.g. HW_9b). Drip data were 117 

aggregated to daily intervals to minimise noise (Mahmud et al., 2018). The period selected 118 

for analysis was July 2014 – January 2017 as it had the highest number of active drip loggers. 119 

Drip sites with >20% missing data from the study period were excluded from analysis. Eight 120 

of the sites analysed by Markowska et al. (2015) were also used in this study.  121 

Variations in drip water δ18O can be used to trace hydrological conditions. In general, south-122 

eastern Australian drip water stable isotopes are controlled by a combination of an ‘amount 123 

effect’ during high-volume precipitation events. This leads to more negative value during 124 

wetter conditions and an evaporative effect of fractionation of vadose water during drier 125 

periods, resulting in more positive values (Cuthbert et al., 2014, Tadros et al., 2022). Drip 126 
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water δ18O can also provide an indication of flow path type, for example Treble et al. (2022) 127 

identified that drip waters transported via matrix flow displayed more positive δ18O than 128 

those transported via fracture flow paths.  129 

Drip waters were sampled over 6 sample campaigns across sites in Figure 1B and collected 130 

in 7 ml glass exetainer vials with no headspace. Samples were analysed at ANSTO on a 131 

Picarro Cavity Ring-Down Spectrometer (reported accuracy of ±0.15‰ for δ18O). The δ18O 132 

values were normalised to in-house calibration standards, standardised to VSMOW2 and 133 

SLAP and reported in per mille (Tadros et al., 2022). The spot-sampling campaigns varied in 134 

spatial density (Table S1) and resulted in inconsistent monitoring intervals for some sites 135 

and therefore these are used as supporting data.  136 

2.2.2. Precipitation and Soil Moisture Data  137 

Daily rainfall measurements (Figure 2A) were sourced from the Yarrangobilly Caves weather 138 

station (Bureau of Meterology, 2022), ~ 750 m from the study location. Soil moisture 139 

saturation was measured at an interval of fifteen minutes by a Stevens Hydra Probe ® 140 

situated above Harrie Wood Cave at a depth of 25-30 cm (Markowska et al., 2015;Tadros et 141 

al., 2019). The soil moisture data was aggregated to daily intervals (Figure 2B) for 142 

consistency with the aggregated drip logger data.  143 

2.2.3. Spatial Data  144 

Cartesian coordinates obtained from a complete cave survey outlined in Markowska et al. 145 

(2015) were georeferenced to GDA2020 using a first order polynomial transformation 146 

(Figure 4).  147 
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2.3. Statistical Methods  148 

All statistical analyses were undertaken using RStudio version 2022.02.1. Further details are 149 

provided below.  150 

2.3.1. Cross-correlation   151 

Precipitation and soil moisture measurements were selected as variables representative of 152 

hydrological inputs to Harrie Wood Cave (Markowska et al., 2015; Tadros et al., 2016). 153 

Missing data can cause a bias in cross-correlation analyses, therefore time periods with 154 

missing drip values were omitted from analysis. Autocorrelation for each variable was 155 

estimated using the acf() function from the stats package (R Core Team, 2022). Cross-156 

correlation determines the degree of similarity between two timeseries and is useful in 157 

recognising temporal lags between variables. Therefore, cross-correlation analysis, using the 158 

ccf()function from the stats package (R Core Team, 2022) was used to understand (1) 159 

whether drip rates had a significant response to antecedent rainfall or soil moisture 160 

conditions, and (2) at what lag was there significant response (Markowska et al., 2015; 161 

Tagne and Dowling, 2018).  162 

The lag timestep was set to daily with the maximum lag defined as 21 days, based on 163 

existing hydrological recharge thresholds in neighbouring caves (Baker et al., 2021). The 164 

minimum lag was set to zero days.   165 

2.3.2. Functional Decomposition of Drip Data 166 

FPCA is an FDA method that analyses functions instead of observations, capturing temporal 167 

structure to reduce the effects of temporal autocorrelation (Zhou and Müller, 2022). It is 168 

still a relatively novel technique for the analysis of longitudinal time series analysis, with 169 

hydrological studies so far only using FDA techniques on stream discharge and streamflow 170 
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data (Ternynck et al., 2016). For FPCA analyses, our data was first log transformed (log10 +1) 171 

to reduce extremes in magnitude. Generalised peaks are retained to signal prolonged 172 

hydrological events, however the focus is on the underlying functional behaviour. Across the 173 

data, significant gaps were recorded with 46% of days logging at least one drip site with no 174 

values. Therefore a Principal Analysis by Conditional Expectation (PACE) algorithm was 175 

applied using the fdapace package (Gajardo A et al., 2021) in R (R Core Team, 2022) to 176 

estimate functional principal components (FPC’s) though best linear predictors in lieu of 177 

missing data. The steps for FPCA and the PACE method and relevant equations are explained 178 

in Chen et al. (2017) and Wang et al. (2016). 179 

FPCA was undertaken with a smoothing bandwidth of 22.85 (2.5% of observations in drip 180 

rate timeseries) for the mean and 45.7 (5% of observations in drip rate timeseries) for the 181 

covariance. Smoothing bandwidths of 5% for mean and 10% for covariance were 182 

experimented with and had no meaningful effect on results. Relative FPCA scores and 183 

trajectories of curve behaviour were used to indicate the main driver of flow and classify 184 

drip sites into three categories of storage baseflow and fracture flow (or overflow) per 185 

Friedrich & Smart (1982) , and an additional overflow classification.  186 

3. Results 187 

Here we present the results, beginning with the hydroclimatic and isotopic data, followed by 188 

the cross-correlation results which compare the correlation between drip rates, soil 189 

moisture and rainfall. This is used to determine connectivity (rate and extent, including lags, 190 

in transmission of water) between the land surface and the cave environment. Spatial 191 

heterogeneity of drip water stable isotope (δ18O) values are presented and examined in 192 

relation to water storage and flow paths throughout the cave. FPCA results are then 193 



12 
 

presented to describe the major trends in drip rates over time which are used to determine 194 

flow path classification at each site (fracture flow, overflow and storage baseflow). 195 

3.1. Hydroclimate: 2014 – 2017 196 

The time series results for the monitoring period are presented in Figure 2. The monitoring 197 

period encompasses a drier than average year in 2015 (993.1 mm), influenced by a weak El 198 

Niño and a wetter than average year in 2016 (1551.6 mm), influenced by a strong negative 199 

Indian Ocean Dipole (IOD) (Bureau of Meterology, 2022). By monitoring a wet and dry year, 200 

the risk of bias towards specific climatic conditions when interpreting results is minimised. 201 

Figure 2A shows an increase in precipitation frequency which corresponds with persistent 202 

higher levels of soil water content and increased percolation of water throughout the cave. 203 

The cooler months (April – September) correspond with increased hydrological activity of 204 

the percolation waters throughout the cave, with 2016 demonstrating a longer sustained 205 

period of percolation than 2015, indicating a response to climatic conditions. The general 206 

behaviour of cave percolation appears to align with rainfall events, potentially driving the 207 

flashy nature of the hydrology of certain drip water sites, with soil moisture providing a 208 

more consistent moisture source. These relationships were quantified using cross-209 

correlation.  210 
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Figure 2: (A) Daily precipitation measurements from Yarrangobilly Caves Station (Bureau of Meterology, 2022). 
(B) Daily soil moisture measurements from a soil sensor above Harrie Wood Cave with the saturation field 
capacity highlighted at 40% (Tadros et al., 2019). (C) Daily drip recordings from twenty-six loggers for the 
monitoring period. Each colour represents a different site indicating the variation in magnitude and frequency 
of drips. (D) δ18O values from drip water at each site across six spot sampling campaigns from 2014-2016. A 
relatively constant spread of values is reported across seasons. All δ18O values are reported in VSMOW2, with 
the precipitation weighted mean (PWM) for Harrie Wood Cave as -7.0 ‰ (Tadros et al., 2022).  

 

3.2. Cross-Correlation Analysis 211 

3.2.1. Precipitation 212 

Precipitation and soil moisture were identified as the leading variables respectively and drip 213 

rate were identified as the lagging variable, with each drip water percolation site analysed 214 
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separately. Precipitation displayed a significant autocorrelation for a lag of 2 days, indicating 215 

that cross-correlation results beyond this scope are not skewed by internal data 216 

autocorrelation.  217 

Cross-correlation plots were generated for each drip site against precipitation and soil 218 

moisture data, respectively (Figure S4, Figure S5) displaying the correlation value at shifting 219 

daily lags. A positive correlation was recorded for all sites for both parameters except 220 

HW_18b (Figure S4), which recorded a weak negative relationship indicating karst controls 221 

dominate drip rate at this site more strongly than precipitation and soil moisture. Across all 222 

sites there was a relatively low correlation of drip water percolation rate to precipitation 223 

with the highest coefficients ranging from 0.115 (HW_4b) to 0.528 (HW_23b) and with a lag 224 

between zero to four days (Figure S4). The shape of the curve on the cross-correlation plots 225 

gave a stronger indication of the true response to precipitation (Figure S4). For example, 226 

precipitation cross-correlation plots with a rapidly decaying structure from zero to one days, 227 

indicate a short rapid percolation period in correlation to a precipitation event. Sites 228 

HW_1b, HW_4b, HW_20b, HW_21b, HW_47b (Figure S4) display this correlation plot type 229 

along with a relatively high correlation coefficient indicating these sites are more likely to be 230 

linked to fractures ensuring relative connectivity to the surface. Plots with a relatively flat 231 

curve and small peak indicate weaker correlation with precipitation. This is likely 232 

representative of a steady baseflow or overflow as the epikarst reservoir has drained over 233 

time with examples including HW_35b and HW_13b (Figure S4).  234 

In a spatial context, loggers with a lower correlation with precipitation were recorded 235 

exclusively on the western side of the fracture feature in the lower chamber (Figure 3A). 236 

This could be a result of increasing depth, or that the fracture feature is diverting flow. 237 
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Figure 3: (A) Spatial distribution of highest precipitation cross-correlation coefficient recorded for each drip 

site. A general weakening in relationship with increasing depth is observed. Three classes were assigned using 

Jenks natural breaks. (B) Spatial distribution of highest soil moisture correlation-coefficient for each drip site, 

exhibiting spatial heterogeneity.  
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3.2.2. Soil Moisture  238 

Soil moisture showed significant autocorrelation for a lag of 95 days, approximately the 239 

length of a season, indicating a seasonal driving mechanism of soil moisture function. The 240 

cross-correlation outputs reflected this autocorrelation as most sites took more than two 241 

months to drop below the 0.05 confidence interval (Figure S5). Soil moisture recorded 242 

stronger cross-correlations to drip rate than did precipitation, with highest correlations 243 

ranging from 0.714 (HW_6b) to 0.114 (HW_18b) (Figure S5). HW_6b also recorded the 244 

strongest relationship with soil. This is consistent with Markowska et al. (2015) and indicates 245 

this site likely has high connectivity to the soil storage reservoir.   246 

All sites except HW_50b displayed a positive correlation at the initial time of increased drip 247 

rates (where “Lag (Days)” is equal to zero on the x-axis, Figure S5). Drip sites with a 248 

relatively low correlation that maintain a relatively flat curve, such as HW_11b (Figure S5), 249 

likely have an indirect and limited relationship with soil moisture inputs. Notably, fifteen of 250 

the drip sites recorded a secondary peak between days 10-18, with thirteen sites displaying 251 

the strongest correlation at a lag of 11-12 days (Figure S5). This delay indicates a temporal 252 

constraint to a potential drainage of the soil storage reservoir, where it may take just under 253 

two weeks for soil derived water to reach the drip sites. This phenomenon did not appear to 254 

follow a depth transect, with sites HW_17b (entrance), HW_41b (upper chamber) and 255 

HW_13b (lower chamber) all exhibiting dual peak behaviour with relatively high correlation 256 

coefficents (Figure S5). 257 

The extent of correlation diminishes with depth, with both drip sites at the entrance 258 

exhibiting high correlation and the lower chamber recording a lower correlation on average 259 
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(Figure 3B). However, the spatial pattern for this is relatively weak (Figure 3B), indicating 260 

that there is not a simple depth relationship between soil moisture saturation and drip rate.   261 

3.3. Drip Water Stable Isotope Variability  262 

Variations in drip water δ18O values from each site (Figure 2D) reflect spatial heterogeneity 263 

in δ18O values in the cave at any given time. The variability of δ18O is most likely due to 264 

varying retention of water in the epikarst based on the different drip water percolation 265 

paths, leading to mixing of drip water (Callow et al., 2014; Tadros et al., 2016).  266 

The weighted mean of precipitation for Harrie Wood Cave is -7.0 ‰ (Tadros et al., 2022), 267 

which is lower than the mean drip water δ18O recorded over the monitored period 268 

presented in this study (2014-2016) (Figure 4A). A spatial pattern emerged where sites with 269 

more negative δ18O were located close to the fracture zone between the two chambers, 270 

indicating that the fracture was altering flow (Figure 4A). Furthermore, drip sites 271 

experiencing the greatest variation of δ18O values were predominantly in the lower chamber 272 

(Figure 4B), with two highly variable sites recorded in the upper chamber. The two entrance 273 

sites recorded little variation and consistently recorded ~-7.0 ‰. A split in isotopic 274 

behaviour on either side of the fracture zone was apparent (Figure 4A), inferring the 275 

occurrence of two epikarst storage reservoirs.   276 
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Figure 4: (A) Spatial distribution of mean and range of δ18O values recorded for each drip site, sampled across 

2014 - 2016. (B) Same data but zoomed to the lower chamber. The lower chamber records a greater 

concentration of highly variable isotopic signatures at respective sites than the upper chamber. Points 

coloured in dark blue represent sites where the mean and range of drip water δ18O are high (mean ≥ -6.784, 

range ≥ 0.61). Points coloured in pale pink represent sites where the mean and range of drip water δ18O are 

low (mean < -6.784, range < 0.61). Points coloured in pink represent sites where the drip water δ18O mean is 

high and the drip water δ18O range is low and light blue points represent the sites with drip water δ18O values 

with a low mean and high range.  
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3.4. FPCA  277 

3.4.1. FPC Scores  278 

The estimated FPC scores for each drip site explain alignment to respective eigenfunctions 279 

(Yao et al., 2005). The FPC scores can be used to understand which mode of variation is 280 

driving drip behaviour to identify which drip rate time series are exhibiting similar functional 281 

behaviour. Drip site specific FPC scores are summarised in Figure 6. A large score indicates 282 

alignment with the respective eigenfunction, with a positive or negative score interpreted as 283 

directional alignment in time (Chen et al., 2017). Drip sites shown in Figure 5 including sites 284 

20, 21, 11, 18, 9,16 and 35 (i.e., HW_20b, HW_21b, HW_11b, HW_18b, HW_9b, HW_16b 285 

and HW_35b, respectively) were observed to display different drip behaviour to the 286 

majority of the drip sites and are considered outliers.  287 
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Figure 5: (A) Scatterplot of FPC1 scores compared to FPC2 scores for each drip site. FPC scores reflect the 

degree of similarity to the respective FPC where zero is more similar. Numbers indicate sites, i.e. 21 is 

HW_21b.  (B) Scatterplot of FPC2 scores compared to FPC3 scores for each drip site (C) Scatterplot of FPC3 

scores compared to FPC4 scores for each drip site. Outliers are defined as HW_20b, HW_21b, HW_11b, 

HW_18b, HW_9b, HW_16b and HW_35b (D) Scree plot displaying fraction of variance explained by each FPC, 

along with the cumulative variance.  

 

3.4.2. Mean Function and Eigenfunctions   288 

The functional mean derived from FDA (Figure 6A) shows the average curve representative 289 

of all loggers across time (Yao et al., 2005). There is less percolation in 2015 compared to 290 

2016, as is expected in the climatic context, with the curve remaining within the bounds of 291 

approximately 316 to 3162 drips per day (~ 2.5 to 3.5 when log10 scaled) (Figure 6A). As the 292 
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mean never reaches zero drips, this provides an indication of a consistent dripping source 293 

across most drip sites.    294 

 

Figure 6: (A) Functional mean of all drip sites over time. An increase in drip rate corresponds with wetter 

conditions. (B) First four eigenfunctions (FPCs) from FPCA, explaining 97% of the variance. 

 

The estimated eigenfuctions display the major patterns of variation in the drip rate time 295 

series and reflect behavioural changes over time (Wang et al., 2016; Yao et al., 2005). 296 

Overall, the first four eigenfunctions (FPC1, FPC2, FPC3, FPC4) explained 97% of variations 297 

across the drip timeseries (Figure 9D). The first eigenfunction (FPC1) explains 78% of the  298 

variance capturing the weighted mean of the sample and is consistently positive and 299 

relatively flat, signifying little change in drip variation in the cave over the monitoring period 300 

(Figure 6B). This further indicates relatively constant dripping from all loggers, supported by 301 

the high fraction of variance explained. A slight peak was recorded in mid 2015, indicating 302 

an increase in variability in drip behaviour at that time. The second eigenfunction (FPC2) 303 

explained 13% of the variance and reflects two distinct peaks increasing in magnitude over 304 

time in January 2016 and January 2017 (Figure 6B). This indicates an annual cyclical pattern 305 

that is representative of change in drip water hydrology across the hydrological year. The 306 
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lowest point recorded for FPC2 corresponds with the peak in FPC1 signalling that the 307 

greatest variance across the sample was recorded in winter 2015. The third eigenfunction 308 

(FPC3) captures 4% of sample variation and corresponds with the differences in annual 309 

patterns of drip behavious (Figure 5B). Finally, the fourth eigenfunction (FPC4) explains only 310 

3% of variation, with the smaller wavelengths indicative of short term or seasonal behaviour 311 

of drip water hydrology (Figure 6B). Given these results, the eigenfunctions can be further 312 

interpreted to each represent a different mechanism driving drip behaviour, aligned to a 313 

specific karst structure. As the first three eigenfunctions represent ~95% of the data, they 314 

can be used to indicate three cave water percolation types: storage baseflow, fracture 315 

baseflow and overflow as detailed below. 316 

Storage Baseflow (SB): Represented by FPC1, the dominant mode of variation indicating 317 

steady, consistent variation of the drip rate time series (Figure 6B). The constant nature of 318 

the curve over the monitoring period indicates that drip sites are fed by a storage reservoir 319 

that fills and drains over time, establishing a baseflow for relevant drip sites. This group can 320 

be further split into SB(a) which are faster dripping (positive FPC1 score) and SB(b) which are 321 

slower dripping (negative FPC1 score).   322 

Fracture Baseflow (F) – Represents sites dominated by FPC2 (Figure 6B) which explains 323 

changes over the hydrological year, by displaying two obvious increases in percolation over 324 

consecutive years (Figure 6B). The increase of percolation in 2016, provides further evidence 325 

that this mode of variation is linked to soil moisture and precipitation. Drip rate time series 326 

exhibiting this behaviour are likely to have a strong connectivity to the surface through a 327 

fracture and be impacted heavily by subsequent percolation events, ensuring a non-328 

constant flow.  329 
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Overflow (O) – Characterised by FPC3 that represents sites displaying different behaviour 330 

during a drier than average hydrological year and a wetter than average hydrological year. 331 

The shift from negative in mid-2015 to highly positive in 2016 is due to increased saturation 332 

of the soil and water volume in in any perched water stores (Figure 6B). This can be 333 

interpreted as overflow from storage reservoirs that occur as spill over when the reservoir 334 

fills to a certain point. The variability of the curve indicates that this behaviour is non-335 

constant.  336 

A summary of drip site hydrological variables, FPC scores and percolation groups are 337 

provided in Table 1. As storage baseflow is defined by the dominant mode of variation 338 

(Table 1), it explains the most drip sites, followed by smaller groupings exhibiting fracture 339 

baseflow and overflow behaviours. Sites classified as SB were further categorised into 340 

secondary groups; SB(a) and SB(b) based on whether they were identified as outliers, thus 341 

exhibiting behaviour that deviates from the average drip behaviour in Figure 5. It is 342 

important to note that generally drip sites display a mix of hydrological behaviours (Arbel et 343 

al., 2010; Mahmud et al., 2018), as shown by drip sites recording relatively high FPC scores 344 

for multiple eigenfunctions (Figure 5). Therefore, for this categorization, drip sites were 345 

grouped by their FPC scores in relation to other drip sites (Figure 5) and not necessarily 346 

based on the largest score recorded. 347 
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Table 1: Summary of descriptive statistics of each drip site, following a depth profile and indicating section of 

cave. FPC scores for each eigenfunction are displayed  

 
 

Logger Depth  

(m) 

Overburden 

(m) 

Median 

Daily 

Drips 

Max 

Daily 

Drips 

FPC1 FPC2 FPC3 FPC4 Percolation 

group 

Cave Entrance        

HW_16b -7 32 176 25234 -35.02 34.42 8.66 -9.85 F  

HW_17b -7 35 6940 162668 28.92 7.09 3.58 -2.61 SB (a) 

Upper Chamber         

HW_46b -17 49 834 2242 -0.80 -4.02 -1.88 -0.78 SB (b) 

HW_6b -18 55 11577 234710 36.88 0.79 -0.92 -1.31 SB (a) 

HW_4b -19 56 10974 363200 34.10 -0.25 -0.23 1.45 SB (a) 

HW_5b -19 55 31605 202150 45.67 0.55 -6.09 0.56 SB (a) 

HW_49b -20 62 1742 3798 9.45 -3.05 -0.79 -0.32 SB (a) 

HW_47b -20 61 79 133 -29.43 -7.25 -2.21 -1.55 SB (b) 

HW_50b -20 61 269 471 -15.46 -7.72 -1.60 0.03 SB (b) 

HW_43b -21 50 282 523 -13.65 -5.47 -2.31 -0.62 SB (b) 

HW_45b -22 48 338 923 -17.25 1.10 -3.86 2.65 SB(b) 

HW_35b -22 59 216 27503 -13.62 8.12 -9.71 -8.95 O 

HW_2b -22 56 3058 35086 17.65 -0.22 -2.50 -0.65 SB (a) 

HW_41b -23 53 25590 355671 46.92 3.24 -2.13 -0.56 SB (a) 

HW_1b -23 53 14 3697 -43.49 -5.03 -4.17 -6.52 SB (b) 

Fracture Zone         

HW_29b -23 51 7804 15979 29.01 -1.58 0.69 0.50 SB (a) 

HW_27b -23 51 116 204 -25.53 -7.73 -3.65 -1.14 SB (b) 

HW_39b -24 55 1110 6481 2.83 2.06 -3.97 -1.70 SB (a) 

Lower Chamber         

HW_13b -31 61 6875 15101 26.57 -0.36 -0.87 0.01 SB (a) 

HW_34b -31 61 1659 23009 10.48 2.33 -1.96 -1.56 SB (a) 

HW_18b -31 61 40 537 -41.77 -12.86 8.09 3.98 O 

HW_9b -31 62 2455 223392 8.05 -22.21 6.52 -1.46 O 

HW_11b -31 62 529 5633 -11.13 -16.22 6.14 4.91 O 

HW_23b -31 62 104 459 -29.38 -9.88 -5.17 2.43 SB (b) 

HW_20b -31 62 346 241711 -34.84 26.91 -8.33 20.29 F  

HW_21b -31 62 8947 102344 11.72 20.26 16.32 9.94 F  
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FPC1 and FPC2 explain the majority of variance, therefore corresponding FPC scores for 348 

each site are the most meaningful for interpreting general drip dynamics (Figure 5A). Scores 349 

close to the x-axis of the FPC1/FPC2 plot have a strong alignment to the average drip 350 

behaviour exhibited in the cave. HW_5b, HW_6b and HW_4b have high positive FPC1 scores 351 

indicating sites recording greater than average drips at a high frequency. Sites recording a 352 

negative FPC1 score record lower than average drips, and also display a larger spread into 353 

FPC2 (Figure 5A), indicating a mixture of cave drip dynamics at the lower dripping sites. The 354 

clear outliers of the FPC1/FPC2 plot are HW_16b, HW_20b with low FPC1 scores and high 355 

FPC2 scores, inferring that the high variability is explained by FPC2.  356 

The outliers are further pronounced in the FPC2/FPC3 plot (Figure 5B), with HW_20b, 357 

HW_16b and HW_21b recording high FPC2 scores. HW_9b, HW_11b and HW_18b cluster 358 

with low FPC2 scores and relatively high FPC3 scores, displaying similar behaviour in those 359 

two dimensions. HW_35b records the lowest FPC3 score, indicating a similar trajectory to 360 

the FPC3, but in the opposite direction. FPC3 and FPC4 explain little variability in the context 361 

of the whole dataset, but the FPC3/FPC4 plot (Figure 5C) reflects the consistence of the 362 

outyling FPC scores and respective sites.   363 

4. Discussion  364 

The time series analyses allowed for an understanding of spatiotemporal variability of 365 

hydrological response across drip sites. In this section, further consideration is given to 366 

interpretation of FPCA to conceptualise a hydrological model, and relevance to existing 367 

work.  368 
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4.2. Conceptual Model 369 

To further understand similarities and dissimilarities in drip behaviour, the smooth 370 

predictive trajectories for each site, derived from FPCA, are grouped using drip percolation 371 

type (Figure 7). The storage baseflow group show a large range in total trip volume, but the 372 

actual curves for each drip remain within a smaller range with some seasonal fluctuations 373 

(Figure 7A). This group of drip sites experiences continuous percolation across wet and dry 374 

periods, suggesting that a large homogenised epikarst or soil storage reservoir is feeding 375 

drip sites in the upper chamber. Storage baseflow sites are distributed throughout the cave, 376 

with nearly all drip sites in the upper chamber displaying this behaviour.  377 

 

Figure 7: (A) Storage Baseflow group with curves displaying relatively similar trajectories. All curves are 

relatively flat compared to secondary groups. (B) Fracture baseflow group. HW_16b is the red curve, HW_20b 

is the black curve and HW_21b is the blue curve. (C) Overflow group with sites in the lower chamber 

highlighted in black and the upper chamber site (HW_35b) highlighted in red.  

In contrast, the drip sites defined by fracture baseflow behaviour display the greatest range 378 

across all the sites, reflecting the “flashy” nature of the percolation events (Figure 7B). 379 

These sites recorded less dripping in 2015 compared to 2016, showing a clear increase in 380 

percolation rate in periods of greater precipitation, although the events were not 381 
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homogenous across the group (Figure 10B). HW_16b and HW_20b recorded very little drip 382 

water activity in winter 2015, with both recording an event in late 2015, albeit at different 383 

magnitudes. This implies that fractures feeding these sites “de-activate” in prolonged dry 384 

periods and take longer to re-activate if dependent upon prolonged wetting. HW_20b 385 

experiences an increase in dripping from May 2015 (Figure 10B), aligning with an increase in 386 

precipitation, suggesting this fracture site may have greater connectivity to the surface.   387 

HW_21b and HW_20b are adjacent to each other in the lower chamber, on the southern 388 

side of the fracture feature (Figure S2). The fracture feature could be focusing flow and 389 

directly feeding these two drip sites. HW_16b is located at the entrance of the cave, under 390 

approximately half (32 m) of the overburden compared to the lower chamber. Therefore, it 391 

is logical that this drip site has a greater connectivity to the surface, and percolation water is 392 

supplied by a fracture.  393 

Drip sites exhibiting overflow behaviour are identified as having relatively low drip rates, 394 

until a significant prolonged shift in direction (Figure 7C). HW_9b, HW_11b, HW_18b 395 

recorded negative FPC2 scores defining behavioural shift in the opposite direction to FPC2, 396 

which infers that these drip sites would be fed by “overflow” when the fracture fed drip 397 

sites were dry. These three sites cluster on the FPC2/FPC3 scatter plot (Figure 5B) indicating 398 

similar behaviour, with an overflow drainage period observed from July 2016 (Figure 7C). 399 

HW_35b differs by increased dripping from July 2016, with positive FPC2 and negative FPC3 400 

values (Figure 7C). This shift to positive values suggests initiation of overflow from July 2016. 401 

The temporal difference in overflow behaviour could be explained by drip site location. 402 

HW_9b, HW_18b and HW_11b are all situated within ~3m of each other in the lower 403 

chamber, on either side of the fracture feature, characterised by two cave shawls with a 404 
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sharp transition to cave popcorn (Figure S2). This suggests multiple modes of calcite 405 

deposition localised in the lower chamber, indicating contrasting flows consistent with the 406 

classifications. The cave popcorn indicates a wet environment (Frumkin et al., 2018) with 407 

potential for overflow if the epikarst is already relatively saturated. Furthermore, no 408 

speleothem growth is present at the overflow drip sites in the lower chamber, as drip 409 

feeding is relatively sporadic. HW_35b is in the upper chamber, on the southern side, and 410 

could be experiencing overflow from the epikarst storage reservoir for that region.  411 

Using all available information, a conceptual box model can be created to reveal the karst 412 

processes feeding drip sites (Figure 8).  413 

  

Figure 8: Conceptual box model of cave water percolation routes from the surface to Harrie Wood Cave. 

Hydrologically effective precipitation (HEP) is the hydroclimatic inputs (precipitation), counteracted by 

evapotranspiration, mostly from the soil storage reservoir.  
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Based on the percolation classes for each drip site, the hydrological model demonstrates a 414 

hydrological dependence on storage baseflow, particularly in the upper chamber, which 415 

suggests the presence of an overarching epikarst storage reservoir. Cross-correlation 416 

analysis revealed a strong relationship between soil moisture and percolation rate, 417 

especially for HW_6b (Figure 5C), suggesting that the soil storage reservoir is a strong input 418 

into the cave hydrology. In March 2015, HW_6b recorded the most positive δ18O value (-419 

4.32 ‰) which is higher than the Precipitation Weighted Mean (PWM) of 7.0 ‰, and  may 420 

be indicative of higher evapotranspiration of the soil reservoir due to drier conditions.  421 

Observations of patches of soil on the surface above the cave (Figure S1) do not vertically 422 

align with the loggers responding strongly to soil moisture (HW_6b, HW_4b). This suggests 423 

that the infiltration into the unsaturated zone from the soil water store occurs preferentially 424 

along an axis, potentially the bedding planes. The 3D map of the terrain (Figure S1) also 425 

supports the idea of a lack of spatial stationarity of infiltration of water from the soil into the 426 

karst.  427 

Drip water percolation into the cave only has a weak relationship with precipitation, 428 

indicating a possible hydraulic effect across the epikarst storage reservoir (Coleborn et al., 429 

2016). Previous studies have also found a weak relationship between precipitation and drip 430 

discharge during 2011 – 2012 in Harrie Wood Cave (Markowska et al., 2015), and our 2014 – 431 

2017 analyses confirm this indirect influence of precipitation on most sites, indicating the 432 

dominant role of the epikarst storage reservoir.   433 

Fracture baseflow sites displayed strong interannual variation in percolation rate, indicating 434 

higher reliance on preferential flow through fractures, which may be due to their greater 435 

connectivity to the surface. HW_16b’s proximity to the entrance, with a smaller overburden, 436 
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may influence its behaviour, while water at HW_20b and HW_21b may be supplied by 437 

perched water flowing from the fracture feature above the lower chamber.  438 

Overflow was identified in both the upper and lower chambers, however the contrasting 439 

behaviour of drip sites in each chamber suggests that they may be associated with two 440 

distinct epikarst storage reservoirs of different sizes. The stable isotopic spatial 441 

heterogeneity, split down the fracture zone (Figure 7), provides further evidence for the 442 

presence of two epikarst storage reservoirs. Predicted trajectories (Figure 7C) show that the 443 

smaller lower chamber reservoir overflows prior to the larger upper chamber reservoir.  444 

4.3. Comparison with Existing Work   445 

Previous research of Harrie Wood Cave has focused on an analysis of karst hydrology 446 

(Markowska et al., 2015) and the implications for interpretations of isotopic signals for 447 

paleoclimate reconstruction (Tadros et al., 2022). Drip water from Harrie Wood Cave has 448 

also been analysed for stable isotopes and trace elements, with stable isotopic composition 449 

from three long-term monitoring drip sites indicating that percolation waters derived from a 450 

well-mixed epikarst storage reservoir, with trace and major element composition indicating 451 

the role of dilution in wet periods (Tadros et al., 2016). Markowska et al. (2015) identified 452 

five drip percolation classes in Harrie Wood Cave, including mixed flow storage connectivity, 453 

non-linear, overflow, extreme event activated and underflow. Most of their drip sites 454 

aligned with mixed flow storage connectivity, which is similar to the storage baseflow 455 

percolation class identified in this study for sites HW_2b, HW_5b, HW_6b and HW_13b. 456 

However, there were differences in the classifications of some sites, such as HW_9b, which 457 

was classified as non-linear, and HW_11b, which was classified as extreme activated and 458 

overflow in the 2012 and 2014-2017 respectively (Markowska et al., 2015). These 459 
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classifications suggest a threshold must be surpassed before dripping can begin, with a non-460 

linear relationship between drip discharge and precipitation (Baker and Brunsdon, 2003) 461 

representative of overflow behaviour. It is important to note that the shorter observation 462 

period of Markowska et al. (2015) was dominated by La Niña conditions, which may have 463 

influenced the drip behaviour at some sites. For example, it is possible HW_9b and HW_11b 464 

were already at saturation point during the observation period, which could have made it 465 

difficult to distinguish between different drip classes. This highlights the need to analyse 466 

drip behaviour in contrasting hydroclimatic conditions to gain a more comprehensive 467 

understanding of the underlying processes.  468 

In this study, we used FPCA to identify persistent modes of variation arising from underlying 469 

drip dynamics while accounting for serial autocorrelation. In doing so, the drip percolation 470 

classes are reduced to three, simplifying the conceptual model. Additionally, we found that 471 

previous analyses by Markowska et al. (2015) were based on drip sites with higher drip rates 472 

and higher magnitude than our larger analysis here, potentially skewing identified drip 473 

classes. Therefore, it is important to consider spatial and temporal variability in drip 474 

behaviour when undertaking these analyses. 475 

4.3.1. Harrie Wood Cave Speleothem Record  476 

A recent study by Tadros et al. (2022) provided insights into the hydrological history of 477 

Harrie Wood Cave through a time series analysis of δ18O variations from three stalagmites 478 

dating back to 1922. Despite some short-term discrepancies in δ18O values between 479 

stalagmites, the long-term trend reflected periods of high recharge associated with wetter 480 

conditions and low recharge associated with drier conditions. This provides strong evidence 481 
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that there are sufficiently large epikarst stores in Harrie Wood Cave, with water flow to the 482 

cave drip sites every year, even during periods of drought.  483 

Two of the stalagmites used in Tadros et al. (2022) were sourced from the upper chamber ~ 484 

2 m away from HW_1b and HW_41b, whilst the third stalagmite was originally located in the 485 

lower chamber, ~ 2m from HW_18b (Figure 2B). The upper chamber stalagmites displayed 486 

similarities in hydrochemistry (Tadros et al., 2022), suggesting that they are fed from a 487 

common source. As both HW_1b and HW_41b display storage baseflow drip behaviour, it 488 

can be deduced that this region is predominantly fed by an epikarst storage reservoir, 489 

localised to the upper chamber. In contrast, the stalagmite from the lower chamber 490 

recorded a higher offset in δ18O values (Tadros et al., 2022), indicating that it is supplied by a 491 

different hydrological store that is likely smaller than the upper chamber epikarst reservoir. 492 

The stable water isotope sampling from 2014-2016 (Figure 2D) supports this interpretation, 493 

with spatial differences in isotopic signature most pronounced surrounding the lower 494 

chamber fracture feature, where drip flow regimes are the most variable. Overall, the 495 

findings suggest that Harrie Wood Cave has multiple hydrological stores, with distinct water 496 

isotopic signatures and drip flow regimes, emphasizing the importance of careful selection 497 

and interpretation of drip sites when using stalagmites as a proxy for past climate 498 

conditions. 499 

4.4. Hydrological Significance 500 

4.4.1. Implications for speleothem paleoclimate archives 501 

Speleothems are important climate archives, preserving trace element and isotopic 502 

information as they grow (McDonough et al., 2022; Treble et al., 2005). However, their 503 

reliability as paleoclimate proxies is limited by the complex and variable drip hydrology and 504 
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karst controls that influence their development. For example, speleothem δ18O values can 505 

widely vary within a single cave due to differences in flow paths (Treble et al., 2022) and 506 

isotopic mixing in the soil and epikarst storage zones (Baldini et al., 2006). 507 

This study has implications for speleothem research at both local and global scales. Locally, 508 

it supports the hypothesis that the primary hydrological supply to drip sites in Harrie Wood 509 

Cave is through storage reservoirs (Markowska et al., 2015; Tadros et al., 2016). The 510 

extracted trace elements and water stable isotopes from speleothems in Harrie Wood Cave 511 

can thus be interpreted accordingly, given the well mixed nature of the epikarst storage 512 

reservoir (Tadros et al., 2019). However, the relatively homogeneous stable water isotope 513 

signal may be more useful for decadal trends, rather than specific precipitation events.  514 

The lower chamber of Harrie Wood Cave exhibits the greatest isotopic and hydrologic 515 

variability, as well as preferential flow likely associated with the fracture feature. The 516 

speleothem from the lower chamber analysed in Tadros et al. (2022) reflected a slightly 517 

different signal compared to those from the upper chamber due to the smaller epikarst 518 

reservoir (Tadros et al., 2022). Comparison of stalagmites from the lower chamber to those 519 

from the upper chamber may help to assess extent of the homogenised stable water 520 

isotope signal in Harrie Wood Cave (Tadros et al., 2022). This study provides further 521 

understanding of karst controls that affect speleothem development in Harrie Wood Cave 522 

and may aid in resolving conflicting palaeo-signals derived from stalagmites in the region 523 

(Scroxton et al., 2021).  524 

4.4.2. Implications for cave hydrological monitoring 525 

Conventional approaches to cave drip classification involve analysing discrete drip rate 526 

observations to differentiate between timeseries displaying quick flow, including fracture 527 
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flow, and base flow, incorporating seepage flow (Baker et al., 1997; Smart and Friederich, 528 

1987). However, this approach has been difficult to apply in studies in regions where inter-529 

annual precipitation variability is high or in water limited environments where percolation 530 

events are uncommon. This is the case in Southeast Australia (Markowska et al., 2015; 531 

McDonald and Drysdale, 2007), due to prolonged changes in water balance due to ENSO 532 

fluctuations. By using FPCA, this problem can be addressed as the seasonal signal from the 533 

drip data is extracted as a mode of variation. The subsequent weight of this signal is also 534 

quantified. 535 

The novel application of FPCA to cave hydrology presented in this study has proved useful to 536 

separate karst hydrological controls from surface hydroclimatological inputs. This procedure 537 

can be applied to any cave globally, provided there is some form of extended drip 538 

monitoring, including drip monitoring data with significant gaps that are not suitable for 539 

conventional statistics. The rise of automated drip loggers in recent years has led to a shift 540 

from manual methods, leaving some datasets disjointed as a shift in data collection method 541 

occurred across monitoring periods (McDonald and Drysdale, 2007). An advantage of FPCA 542 

is its ability to utilise drip data derived from any method, serving to effectively link datasets 543 

that have different sampling frequencies. Generating long term hydrological datasets with 544 

predictive capacities is extremely important in the context of climate change (Klaas et al., 545 

2020) and could allow for baseline data to be established with minimal additional data. Such 546 

datasets could be used for research purposes or for broader groundwater management.  547 

Furthermore, FPCA is not limited to drip rate data. There is potential to apply the methods 548 

used in this research to drip water stable isotope time series, longer than the δ18O spot 549 

sampling campaign used in this study (Table S1), to analyse stable isotope values over 550 
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extended time periods. This would provide valuable insights into the inter annual and 551 

seasonal mechanisms of drip water percolation, and further support interpretations of 552 

isotopic records for paleoclimate reconstruction.  553 

5. Conclusion  554 

This research identifies that the drip water percolation dynamics of Harrie Wood Cave are 555 

largely controlled by the epikarst storage reservoirs, which has implications for the water 556 

isotopic signals of percolation waters flowing from these features, and the nature of 557 

recharge from the unsaturated zone to the underlying aquifer. In addition, our novel 558 

application of FDA proves feasibility of this technique in the field of karst hydrology and 559 

demonstrates the advantages of considering drip rate time series as a function, which can 560 

be utilised for baseline estimations and hydrological projections in both groundwater 561 

research and paleoclimate analyses.  562 

The application of FPCA to the drip rate time series revealed three distinct percolation 563 

classes: storage baseflow, fracture baseflow and overflow, with secondary classifications 564 

occurring within the storage baseflow group. These different percolation classes determine 565 

the percolation water drip rate variability, with fracture baseflow having the greatest 566 

connectivity to the surface and overflow the least. Regarding the impact of climate, the 567 

results indicated that most of the drip rate variation remained relatively low (due to the role 568 

of storage baseflow) across years influenced by El Niño and a negative IOD, respectively. 569 

However, drip sites in the secondary drip percolation classes displayed greater sensitivity to 570 

climate forcings, especially the fracture baseflow group.  571 

In terms of the relationship between drip discharge and environmental factors, positive 572 

relationships were found between drip rate, soil moisture, and precipitation, using cross-573 
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correlation analysis. Soil moisture had a stronger relationship to drip rates than 574 

precipitation, indicating its importance to cave drip water percolation. However, due to the 575 

presence of the epikarst storage reservoir, drip rate response to precipitation was muted 576 

and relatively constant. 577 

Finally, the spatial distribution of the identified drip classes suggested the importance of a 578 

homogenous epikarst storage reservoir. Applying δ18O variability to drip flow classification 579 

inferred the existence of two epikarst storage reservoirs. The lower chamber revealed 580 

greater spatial heterogeneity for drip behaviour and corresponding δ18O values, likely due to 581 

a smaller epikarst reservoir and significant fracture feature.  582 

A recommendation for future research would be to apply the methods from this study to 583 

identify shifts in cave drip water hydrology time series. Precipitation patterns are changing 584 

globally due to climate change, affecting drip water percolation rates into the vadose zone 585 

(Barron et al., 2012). FPCA allows for a climatic signal to be extracted from cave drip water 586 

percolation time-series and monitored for change. With the continued generation of long 587 

drip hydrology time-series (Madmud et al., 2018; Tadros et al., 2022), such analyses would 588 

be very useful for understanding how baseflow and hydroclimate inputs have changed over 589 

time and to allow for predictions into the future. 590 
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Table S1: δ18O values for drip water collected at each site. The spot sampling period is from 2014-2016, 

covering most of the monitoring period. Note: “n.a.” indicates where a value is unavailable.  
 

 Mar 14   Jul 14 Jan/Feb 15 Mar 15  Nov 15  Feb 16  
Site 
(HW_) 

 δ18O 
‰ 

2 SE  δ18O 
‰ 

2 SE  δ18O 
‰ 

2 SE  δ18O 
‰ 

2 SE  δ18O 
‰ 

2 SE  δ18O 
‰ 

2 SE 

  1b n.a. n.a. -6.39 0.02 -6.04 0.03 n.a. n.a. n.a. n.a. n.a. n.a. 

  2b -6.75 0.02 -7.09 0.02 -6.66 0.01 -6.77 0.01 -6.92 0.06 -6.8 0.02 

  4b -6.8 0.02 -7.02 0.02 -6.71 0.02 -6.75 0.05 -6.81 0.03 -6.86 0.03 

  5b -6.81 0.03 -7.12 0.02 -6.55 0.02 -6.66 0.06 -6.81 0.04 -6.78 0.03 

  6b -6.78 0.02 -6.93 0.02 -6.06 0.02 -4.32 0.06 -6.75 0.06 -6.66 0.02 

  9b -6.25 0.01 -7.23 0.03 -5.94 0.02 -6.27 0.06 -6.81 0.05 -6.63 0.04 

  11b -6.54 0.02 -6.78 0.01 -6.72 0.02 -6.76 0.02 -6.81 0.04 -6.8 0.04 

  13b -6.86 0.01 -7.21 0.03 -6.29 0.02 n.a. n.a. -6.92 0.05 n.a. n.a. 

  16b -6.86 0.02 -6.99 0.04 n.a. n.a. -6.78 0.02 -6.89 0.06 -6.84 0.06 

  17b -6.8 0.02 -7.21 0.02 n.a. n.a. n.a. n.a. -6.87 0.05 -6.89 0.04 

  18b -6.42 0.01 -7.19 0.03 n.a. n.a. n.a. n.a. n.a. n.a. n.a. n.a. 

  20b -6.79 0.02 -7.28 0.03 n.a. n.a. -6.09 0.02 -6.87 0.07 -6.67 0.02 

  21b -6.9 0.03 -7.3 0.02 n.a. n.a. n.a. n.a. -6.87 0.06 -6.67 0.01 

  23b -6.36 0.02 -6.85 0.01 n.a. n.a. -6.44 0.20 n.a. n.a. -6.58 0.04 

  27b -7.03 0.01 -7.01 0.02 n.a. n.a. -6.72 0.30 n.a. n.a. n.a. n.a. 

  29b -7.2 0.02 -7.22 0.03 n.a. n.a. -7.08 0.25 -7.21 0.04 -7.24 0.01 

  34b -6.84 0.02 -7.17 0.01 n.a. n.a. -6.45 0.02 -6.9 0.08 -6.67 0.04 

  35b n.a. n.a. -6.71 0.02 n.a. n.a. n.a. n.a. n.a. n.a. -6.73 0.02 

  39b -7.22 0.04 -7.26 0.03 -7.18 0.05 -7.09 0.01 -7.23 0.08 -7.15 0.03 

  41b -6.97 0.04 -6.91 0.04 -6.97 0.05 -6.81 0.03 -6.95 0.06 -7.01 0.04 

  43b -5.97 0.02 -6.64 0.02 -6.74 0.01 -6.51 0.03 n.a. n.a. n.a. n.a. 

  45b -6.72 0.02 -6.91 0.01 -6.75 0.03 -6.56 0.03 n.a. n.a. -6.93 0.06 

  46b -6.55 0.04 -6.85 0.03 -6.69 0.03 n.a. n.a. -6.84 0.06 -6.8 0.05 

  47b n.a. n.a. -6.28 0.02 -6.31 0.01 -5.69 0.01 n.a. n.a. n.a. n.a. 

  49b n.a. n.a. -6.78 0.02 -6.85 0.01 -6.71 0.02 -5.77 0.06 -6.86 0.02 

  50b n.a. n.a. -6.38 0.02 -6.41 0.04 -5.98 0.05 n.a. n.a. -6.31 0.02 
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Figure S1: (A) Orthomosaic map of the surface of Harrie Wood Cave, with the cave outline overlayed. The red 

points are location of loggers, and dashed line is the path. Limestone outcroppings are present with minimal 

vegetation coverage. (B) 3D representation of the surface of Harrie Wood cave generated using ArcGIS Pro 3.0. 

Geological features are highlighted, to show the irregularities of the cave surface, with NE bedding planes 

outlined in the exposed rock. Aerial images were collected using a DJI Phantom 4pro drone and Pix4D software 

(https://www.pix4d.com/). Images were captured with an 80% overlap and converted to a digital surface 

model (DSM) and orthomosaic using Pix4D Mapper software. 
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Figure S2: Images from the lower chamber of the cave. This section of cave underlies a fracture zone 

(upper right). This fracture is represented by a shift from dark limestone to pale limestone. The 

fracture feature is characterised by cave shawls surrounded by cave popcorn. Fluvial deposits 

indicative of past phreatic processes are found in this lower chamber.  



49 
 

 

Figure S3: Images from the upper chamber of the cave, showing that this section of cave contains 

well developed speleothems and relatively dry conditions.  
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Figure S4: Cross correlation plots of rainfall to drip discharge for each site (labelled). Continued on 

the next page. The blue dashed line represented the 95% confidence interval for each site.  
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Figure S4 continued: Cross correlation plots of rainfall to drip discharge for each site (labelled) 
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Figure S4 continued: Cross correlation plots of rainfall to drip discharge for each site (labelled) 

 

 



53 
 

 

Figure S5: Cross correlation plots of soil moisture to drip discharge for each site (labelled) at a lag of 

90 days. The blue dashed line represents the 95% confidence interval for each site. Continued on 

next page.  
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Figure S5 continued: Cross correlation plots of soil moisture to drip discharge for each site (labelled) 
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Figure S5 continued: Cross correlation plots of soil moisture to drip discharge for each site (labelled) 

 

 


