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Abstract 

 

Soil moisture is known to be a critical component in our Earth’s system and serves a pivotal role 

in evaluating water balance. Its dynamic behavior is essential for understanding hydrological 

processes and water budgets. Despite its significance, there is still much to learn about the key 

drivers of soil moisture dynamics and the variables that influence these patterns. This study 

analyzed hourly soil moisture data from 16 sites in Canterbury, New Zealand, to identify wetting 

and drying events over a period of three to five years. To characterize the dynamic behavior of soil 

moisture during each event, the study proposed five distinct sets of soil moisture signatures. 

 For each signature, statistical analyses such as Principal Component Analysis (PCA) and Pearson 

Correlation were conducted to find what antecedent or climate variables could statistically explain 

a signature’s value or variability. After extensive examination, no significant drivers were found. 

Additionally, this study used a machine learning technique, Long Short-term Memory (LSTM) to 

generate 12-hour to 72-hour soil moisture predictions for depths 10, 40, and 80cm. When 

comparing its performance to that of Autoregressive Integrated Moving Average (ARIMA), 

ARIMA was found to perform better overall, with the advantages of easy hyperparameter tuning. 

However, the LSTM models demonstrated a unique ability to predict soil moisture at sites not 

included in the model’s training dataset and were most successful in predicting soil moisture when 

the model was trained from multiple sites’ datasets. Both LSTM and ARIMA faced limitations, 

particularly a tendency for predictions to lag behind observed values. The simplicity and 

adaptability of ARIMA make it well-suited for site-specific applications, while LSTM's strong 

performance with cumulative data indicates its potential for broader applications, such as regions 

with limited historical soil moisture data. Further refinement and development of LSTM models 
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could enhance their applicability and accuracy, providing greater potential for more robust soil 

moisture predictions.  
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Chapter 1. Identifying Influential Variables of Soil Moisture Dynamics During Wet and 

Drying Events 

 

1.1 Introduction 

1.1.1 Soil moisture importance and complexity 

The American Meteorological Society Glossary of Meteorology defines soil moisture as “the total 

amount of water in unsaturated soil (American Meteorological Society, 2024).” Soil moisture 

represents the water in the land surface that is not in bodies of water such as rivers, lakes, or 

groundwater, but resides in soil pores. Even though it only accounts for 0.05 percent of Earth’s 

freshwater, soil moisture plays a vital role in our climate and Earth system (Gleick, 1993). It is a 

result of multiple hydrological processes (e.g., precipitation, evapotranspiration, percolation), in 

which it supports and supplies water for plant growth, and it also plays a pivotal role in determining 

extreme weather events such as droughts and floods. Therefore, understanding and monitoring soil 

moisture levels is essential for managing water resources and predicting weather-related 

phenomena. 

 

Quantifying soil moisture conditions at any given time and location is valuable, but describing its 

changes through time (i.e., its dynamic behavior) holds greater significance in addressing 

hydrological processes and water balance. The wetting and drying behavior of soil moisture is 

influenced by a multitude of factors due to its complex connections with earth system processes 

such as soil water retention, subsurface transport, and surface runoff (Western et al., 1999; Botter 

et al., 2010; Geroy et al., 2011). Spatial and temporal variation heavily depends on many landscape 

factors, such as land use (Fu et al., 2003), elevation (Krumbach Jr., 1959), and slope (Famiglietti 

et al., 1998; Geroy et al., 2011), as well as weather and climate, such as precipitation (Seneviratne 

et al., 2010; Zhu et al., 2014) and evapotranspiration (Koster et al., 2009). 

 

1.1.2 Hydrological Signatures 

Hydrological signatures, also known as hydrologic response metrics or indices, are commonly 

used in hydrology as a quantitative metric to describe behavior in streamflow regime and stream 

temperature regime (Poff et al., 1997; Tsang et al., 2016). Signatures typically use patterns and 

statistical features in time series data, such as averages, peaks, and slopes, to describe an event or 

a feature of the process. There are many standard or proposed signatures, with over one hundred 

in streamflow alone (Olden and Poff, 2003). Signatures are also being used in other fields to 

explain behavior, such as in ocean surface patterns, water level fluctuations in wetlands, and 

extreme rainfall (Millot, 1999; Mitsch and Gosselink, 2015; Slater et al., 2021). These dynamic 

metrics have proven invaluable for understanding and modeling various processes across different 

fields, rather than relying on static metrics alone. 

 

1.1.3 Soil moisture signatures 

Previous studies have investigated and proposed potential soil moisture signatures to describe the 

dynamic behavior of soil moisture. Branger and McMillan (2020) distinguished long-term, 

seasonal, and rain event signatures to determine what soil moisture signatures were more robust 

for hydrological model evaluation. Araki et al. (2022) showed that different types of land use 

displayed statistically significant differences in soil moisture signatures of rising limb density, 

normalized amplitude, and no-response rate during rain events. Singh et al. (2021) chose signatures 

to see how soil moisture signatures differed by storm events and found no conclusion.  
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While these studies have made efforts to identify soil moisture signatures, few have found 

influential variables to the proposed signatures, and there has not yet been a broadly accepted or 

standardized soil moisture signature. There are some drawbacks to the signatures proposed so far 

as well. For instance, the rising time defined in Branger and McMillan’s (2020) study measures 

the time lag between the start of a rain event and when soil moisture reaches its peak in an effort 

to capture the balance between infiltration and drainage. However, it does not account for the 

magnitude of rainfall that could occur between those two times, which could drastically affect the 

length of the rising time. Additionally, most soil moisture signatures have focused on wetting 

events and not drying dynamics. Thus, soil moisture signatures are an underdeveloped subject that 

still needs additional research to fully capture and understand the drivers of soil moisture dynamics.   

 

In this study, I aim to investigate and identify the possible drivers determining soil moisture 

signatures. In contrast to existing literature, I defined both wet and dry events exclusively using 

soil moisture data to identify these wet and dry periods. Within the defined events, a set of soil 

moisture signatures were then summarized and adapted from prior literature to quantify the soil 

moisture dynamics during each event. A set of variables, such as land use, temperature, and rainfall, 

prior or during the examining periods, were considered as the potential drivers to examine soil 

moisture signatures. This chapter will answer the following question: 

• What variables, or combination of variables, influence soil moisture behavior and 

hydrological response to wetting and drying events? 

 

Monitoring and understanding soil moisture dynamics are critical to provide resource managers 

with the proper data and tools to make informed decisions and optimize water utilization. This 

study helps us explain what drives differences in soil moisture response during wet and dry events. 

These findings will contribute to the improvement of modeling soil moisture dynamics for these 

sites or even add focus on contributing variables during management. 

 

1.2 Study Area 

This study analyzed soil moisture data from the Canterbury region on the South Island of New 

Zealand. Canterbury is located at 43.7542° S and 171.1637° E, and its climate is heavily influenced 

by the Southern Alps mountain range. Annual rainfall varies widely by region, with areas at higher 

altitudes by the Southern Alps receiving mean annual rainfall of 4,642 mm due to orographic 

influences, while areas closer to the east coast receive annual rainfall as low as 500 mm on average. 

Daily maximum temperature in summer months often exceeds 30C in coastal areas, while daily 

minimum temperatures in winter months can drop below -5C (Macara, 2016). This study will 

particularly utilize in-situ soil moisture data stationed on the eastern side of Canterbury, north of 

Christchurch City (Figure 1.1), where monthly rainfall averages between 61 and 68 mm in the 

winter months (June to August) and 38 to 50 mm in the summer months (December to February). 

 

1.3 Study Data 

The National Institute of Water and Atmospheric Research (NIWA) set up a network of soil 

moisture sensors coupled with rain gauges across various ranchlands as part of its Irrigation Insight 

program to monitor conditions and irrigation applications. Of the 47 sensors installed in the 

network, 16 are situated in the study area. 
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Each site consists of an Enviropro soil moisture sensor that measures soil moisture in volumetric 

soil water (%) and soil temperature (C) at 10 cm increments from 0 to 80 cm depths every 10 

minutes. Each soil moisture is paired with a rain gauge that collects and measures total water from 

precipitation and irrigation at the same time step. All sites’ land use is classified as grassland or 

cropland, with varying soil characteristics (Table 1.1). The length of data ranged between 3 to 5 

years, and this study used up to December 31, 2023, for all sites. 

 

Data quality control was conducted by resampling the 10-minute data into hourly data. An 

automated quality control program, developed by the International Soil Moisture Network (ISMN, 

Dorigo et al., 2021) to flag hourly values that either fell outside of the geophysical constraints or 

exhibited anomalies such as spikes and breaks (Table 1.2). Flagged data were then converted to 

null values to be omitted for calculations. The resulting clean, non-flagged hourly data was then 

used for data analysis. 

 

1.4 Methods 

This study focuses on a set of soil moisture signatures to quantify its behavior during wet and dry 

events in our study area. The selection of these soil moisture signatures was informed by existing 

literature and the adaptation of signatures from other hydrological fields. All soil moisture data for 

event definitions and signature analysis use soil moisture at 10cm and 30cm depth. 

 

1.4.1 Event Definitions 

Events were defined according to hourly soil moisture response. The beginning of a wet event was 

defined as the first hour where soil moisture percent change was positive (i.e., increases), the 

maximum positive change in the sequence was at least 1%, and at least 5 hours apart from another 

event. The end time of the wet event was determined as five hours after the percent change first 

reached -0.25% or an hour prior to a new event. Note that this definition is based on soil moisture 

changes and likely precludes situations in which soil moisture remains constant when receiving a 

limited amount of rain. 

 

A dry event is defined as the period between two wet events that is over five hours long, with the 

beginning time marked as the hour after the end time of the wet event and the end as the hour 

before the start of the subsequent wet event. 

 

1.4.2 Event Signatures 

A summary of event signatures used in this study is described in Table 1.3. For wet events, the 

rising time is calculated as the number of hours it takes for soil moisture to reach its peak value 

after the wet event begins (Branger and McMillan, 2020). This signature aims to capture the time 

the soil moisture took to reach its peak at a given location. To capture the magnitude of soil 

moisture response, the normalized amplitude was calculated by taking the difference in soil 

moisture between the start of the wet event and the maximum soil moisture value, divided by mean 

soil moisture.  In addition to the two event-based signatures used by Branger and McMillan (2020), 

this study incorporated two additional signatures: rising rate and maximum rising rate during the 

wet event. The rising rate takes the average of all positive changes during the event. The maximum 

rate signature is the maximum positive percent change of soil moisture during the event to identify 

the magnitude of the soil moisture rise. 
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For dry events, fall rate, variability in fall rate, and minimum percent change were used as 

signatures. The fall rate takes the average of all negative changes in soil moisture during the dry 

event. The variability in the fall rate is calculated as: 

 

𝑉𝑎𝑟𝑖𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑖𝑛 𝑓𝑎𝑙𝑙 𝑟𝑎𝑡𝑒 =  
𝐶𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡 𝑜𝑓 𝑣𝑎𝑟𝑖𝑎𝑡𝑖𝑜𝑛 − 𝑠𝑡𝑑

𝑓𝑎𝑙𝑙 𝑟𝑎𝑡𝑒
∗ 100 (1.1) 

 

 

The minimum percent change signature takes the lowest percent change in soil moisture during 

the dry event to capture a point where the largest falling slope was.  

 

1.4.3 Analyses 

Once the signatures for each wet and dry event were summarized, analyses were done to find 

influential factors that affect the signatures. The analyses were conducted in two parts: 1) 

Categorical analysis and 2) Quantitative analysis.  

 

For the categorical analysis, I investigated whether soil drainage (well drained and poorly drained), 

New Zealand soil order (brown, pallic, organic, and gley), and texture (silty, peaty, and clayey) 

would impact the signatures. I followed Branger and McMillan (2020)’s approach by conducting 

a Kruskal-Wallis Test (Kruskal and Wallis, 1952) to determine if there were statistically significant 

(p < 0.05) differences in the median of the signatures in each group among the different categorical 

soil property categories listed in Table 1.4. 

 

For quantitative analysis, I identified a list of variables that likely describe the event characteristics 

and antecedent conditions and added a list of climate factors that potentially drive the changes and, 

therefore, the signatures of soil moisture (Table 1.4).  

 

1.4.3.1 Pearson Correlation 

Pearson Correlation (Freedman et al., 2007) was used to assess the strength and direction of 

associations between all quantifiable variables listed in Table 1.4 against soil moisture signatures.  

 

1.4.3.2 Principal Component Analysis (PCA) 

To find if variables are associated with each other, all variables were transformed with PCA (F.R.S, 

1901) into a few major axes (dimensions) with a smaller set of variables, which still contain most 

of the information in the original set of variables. In this study, PCA was implemented to identify 

and summarize the underlying patterns in the variables and identify the weights of each variable. 

Additionally, Pearson Correlation was conducted to examine the association of soil moisture 

signatures with the identified PCA axes. 

 

1.5 Results 

1.5.1 Event and Signature Analysis 

Wet and dry events were identified at all 16 sites, and the total number of events for each site is 

listed in Table 1.5. Box plots of each signature show wide ranges in values of signatures, implying 

soil moisture dynamics are not consistent among sites, and there are potential factors that drive the 

variances of signature values (Figure 1.2; Figure 1.3). 
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1.5.2 Signature Analysis 

Kruskal-Wallis Test showed significant changes for all categories and all signatures (Table 1.6; 

Figure 1.4). The Pearson correlation test showed no significant correlations between any 

variables and the signatures for both wet and dry events (Figure 1.5; Figure 1.6). 

 

The PCA for wet events at 10cm  showed that [‘Mean soil temperature’, ‘Mean surface temperature 

(C)’, ‘Maximum soil temperature’, ‘Maximum Surface Temperature’, ’Minimum soil 

temperature’]  and [‘Mean hourly water input’, ‘Total water input’, ‘Maximum hourly water input’, 

‘Windspeed’, ‘Solar radiation’] were the top five highest-weighted variables on axis 1 and 2, 

respectively (Table 1.7). The top five weighted variables on axes 1 and 2 for dry events were 

[‘Mean soil temperature’, ‘Mean surface temperature’, ‘Maximum soil temperature’, ‘Potential 

Evapotranspiration’, ’Minimum surface temperature’]  and [‘Total water input of prior wet event’, 

‘Mean hourly water input of prior wet event’, ‘Starting soil moisture of dry event’, ‘Maximum 

hourly water input of prior wet event’, ‘Ending soil moisture of last dry event’] (Table 1.8). 

 

However, applying axes 1 (PC1) and 2 (PC2) of the PCA with the Pearson Correlation to associate 

with soil moisture signatures did not yield significantly correlated values. The highest correlation 

for the wet events was between PC2 and ‘Rising Rate,’ ‘Maximum rate,’ and ‘Amplitude,’ with a 

correlation of 0.31, 0.38, and 0.48, respectively. For dry events, only a correlation between PC2 

and ‘Fall rate variability’ had a notable correlation of 0.13 (Figure 1.7; Figure 1.8). 

 

PCA weights for 30cm depth showed similar rankings with slightly stronger weights (Table 1.9; 

Table 1.10). Pearson correlation revealed slightly stronger correlations between PC2 and wet event 

signatures rising time, rising rate, and maximum rate, but overall correlation across all pairings 

were lower (Figure 1.9; Figure 1.10). 

 

1.6 Discussion 

The Kruskal-Wallis test showed significant differences in medians between all signatures among 

all categorical variables: soil drainage, order, and texture. However, the differences in the medians 

are all very small in value. While the Kruskal-Wallis test has been used in prior literature for 

signature comparisons, they combined the analysis with visual interpretation to conclude any 

notable differences. As shown, for instance, in Figure 1.4, while there are some variations in the 

range of data, the median shows minimal differences (0 to 0.02).  Thus, despite significant p-value 

results, it is difficult to conclude that the median values are notable. 

 

When examining driving factors for these signatures through quantitative analysis using Pearson 

Correlation, I found no significant drivers in the results. I then analyzed what variables show the 

most variability by running a PCA for wet events and for dry events. For the wet event PCA, 

average surface temperatures and soil temperatures exhibited high PCA weights on the first axis. 

On the second axis, rainfall-related variables held the highest weights on the second axis, followed 

by wind speed and solar radiation, though not as high. The high weights for rainfall-related 

variables highlight the importance of rainfall metrics for wet events, which makes sense as that is 

the likely explanatory variable describing the wetting patterns of soil moisture. Overall, 

temperature and rainfall showed important roles during wet events. For the dry event PCA, the 

first axis also showed larger weights for soil and surface temperature metrics, as well as the 

addition of potential evapotranspiration, a critical variable in drying patterns for soil moisture. 
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Rainfall-related metrics from the events prior to the dry events held large weights in the second 

axis, as did the soil moisture value for both prior and present dry events.  

 

Despite the PCA showing high weights that could be explained by hydrological processes, the 

Pearson Correlation between PCA weights and signatures did not show any significant correlations 

between the variables weighed by the PCA axes and the event signatures for either 10cm and 30cm 

(Figures Figure 1.7, Figure 1.8, Figure 1.9, and Figure 1.10). 

 

This study had limitations in its methods and can be improved for further analysis. For instance, 

the study sites and data had no variation in land use (i.e., all pastures), so I could not confirm 

Araki’s (2022) findings. Further, each site may be implementing different management styles, 

which has the potential to affect the soil moisture dynamics, as suggested by previous studies. For 

instance, heavily stocked pastures showed decreased infiltration and increased soil erosion, while 

moderately stocked pastures showed maintained infiltration rates and quick recovery from drought 

(Thurow et al., 1988). Additionally, Graham (2016) found differences in cumulative 

evapotranspiration in irrigated ryegrass areas where one site harvested seeds annually while the 

other was grazed by cattle, which could ultimately lead to differences in soil moisture. 

 

This study was also limited due to treating both precipitation and irrigation water inputs as the 

same. Soil moisture signatures may differ depending on the type of water input, as irrigation could 

potentially amplify the amplitude of the soil moisture response. It would be valuable to investigate 

whether differences in soil moisture response exist between precipitation and irrigation inputs. 

This study could also be improved by considering other approaches to analyzing soil moisture 

signatures. For example, studies have identified soil moisture signatures that describe flow regimes 

by identifying signatures at different depths (Graham and Lin, 2011).  

 

1.7 Conclusion 

In this study, I identified wetting and drying events using soil moisture time series data. For each 

event at each site, I identified a set of soil moisture signatures to quantify the soil moisture changes 

and dynamics that occur over time. Various methods were used to find any correlating or 

contributing variables to a signature’s value in the hopes of finding potential explanatory variables 

to the influential factors of how soil moisture dynamics can change. Categorical testing using the 

Kruskal-Wallis test with visual interpretation found little differences in the median of soil moisture 

signatures according to soil order, drainage, or texture. Quantitative statistical testing using the 

Pearson Correlation test also found no strong correlation between signatures and antecedent or 

climate variables.  

 

The PCA found temperature and rainfall to have the highest weights in axes 1 and 2 for both wet 

and dry events. However, a subsequent Pearson Correlation based on the PCA axes showed weak 

correlation between the axes and soil moisture signatures. 

 

The results of this study suggest that more work needs to be dedicated to finding explanatory 

variables and relationships of soil moisture dynamics. In doing so, we can contribute to 

understanding the intricate behavior of soil moisture, leading to more accurate assessments and 

measurements of the various processes involving soil moisture.  
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Chapter 1 Tables 

 

Table 1.1. Site characteristics for 16 sites used in this study 

Site Code Start Date 
Land 

Type 

Soil 

Texture 
Soil Drainage 

Soil 

Order 

2930 February 5, 2013 Cropland Silty Well drained Brown 

2931 July 14, 2015 Grassland Silty Imperfectly drained Pallic 

2932 July 13, 2015 Grassland Silty Well drained Brown 

5386 March 16, 2015 Grassland Silty Well drained Brown 

5847 January 27, 2016 Grassland Silty Poorly drained Pallic 

5848 November 19, 2015 Grassland Peaty Very poorly drained Organic 

6581 February 27, 2017 Grassland Silty Well drained Brown 

6817 April 30, 2020 Grassland Silty Poorly drained Pallic 

6819 October 24, 2018 Grassland Silty Poorly drained Pallic 

6820 October 16, 2018 Grassland Silty 
Moderately well 

drained 
Pallic 

6828 June 26, 2017 Grassland Peaty Very poorly drained Organic 

6829 June 27, 2017 Grassland Clayey Poorly drained Gley 

6847 June 26, 2017 Grassland Peaty Very poorly drained Organic 

7010 November 13, 2017 Grassland Silty Poorly drained Gley 

7121 November 29, 2017 Grassland Silty Poorly drained Gley 

8676 August 26, 2020 Grassland Silty Well drained Brown 
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Table 1.2. Criteria for soil moisture quality control flags 

Error Code Description 

C01 

Soil moisture < 0 m3/ m3 

Soil temperature < -60C 

Precipitation < 0mm 

Air temperature < -60C 

D01 Negative soil temperature 

D02 Negative air temperature 

D06 Spikes 
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Table 1.3. Signature name and definition for wet and dry events 

Event 

Type 
Signature Definition 

Wet 

Amplitude (%) 
Difference in soil moisture between start of event and 

peak (Branger and McMillan, 2020) 

Rising time (Hours)  
Time between start of rain event and soil moisture 

peak (Branger and McMillan, 2020) 

Rising rate (%/hour) 
Average positive change in soil moisture after rain 

event 

Maximum rising rate (%) Maximum positive change in SM 

Dry 

Falling rate (%/hour) Average negative change in soil moisture  

Fall rate variability (%) Coefficient of variation of falling rate 

Minimum fall rate (%) Minimum negative change in soil moisture  

 

  



 10 

Table 1.4. List of variables used for soil moisture signature correlation analysis 

   

Type Variables 

Categorical 

Soil drainage (Well and poorly) 

Soil order (Brown, pallic, organic, and gley) 

Soil texture (Silty, peaty, and clayey) 

Quantitative 

Day of year of the beginning of the event 

Prior (wet/dry) event duration (hr) 

Starting soil moisture (%) 

Water input (sum, max, min, mean) (mm) 

Hourly air temperature min/max (C) 

Hourly solar radiation (MJ/m2) 

Hourly windspeed (m/s) 

Daily potential evapotranspiration (mm) 
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Table 1.5. Number of wet and dry events detected at each site and the average duration 

Site Code 

Wet Event Count (Average 

duration in hours) 

Dry Event Count (Average 

duration in hours) 

2930 1249 (10.22) 458 (65.87) 

2931 848 (13.17) 383 (105.67) 

2932 1320 (11.04) 548 (87.22) 

5386 1429 (11.52) 482 (73.61) 

5847 459 (14.39) 324 (187.56) 

5848 502 (15.74) 311 (185.67) 

6581 729 (15.04) 372 (113.07) 

6817 178 (16.80) 124 (205.67) 

6819 183 (20.81) 137 (271.25) 

6820 300 (15.07) 222 (171.16) 

6828 429 (13.76) 297 (158.60) 

6829 176 (28.67) 130 (363.28) 

6847 362 (16.08) 236 (197.88) 

7010 78 (19.96) 53 (208.92) 

7121 326 (16.85) 213 (206.56) 

8676 219 (24.21) 138 (152.89) 
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Table 1.6. Kruskal Test results of categorical variables against wet and dry signatures 

Event Type Category Signature 
Kruskal Test (p-

value) 

Wet 

Drainage 

Amplitude (%) 1.100e-234 

Rising Time (Hours) 5.632e-101 

Rising Rate (%/hour) 2.161e-116 

Max Percent Change 

(%) 
5.429e-190 

Soil Order 

Amplitude (%) 1.979e-242 

Rising Time (Hours) 2.956e-104 

Rising Rate (%/hour) 6.196e-136 

Max Percent Change 

(%) 
2.136e-204 

Soil Texture 

Amplitude (%) 1.229e-147 

Rising Time (Hours) 4.814e-69 

Rising Rate (%/hour) 9.729e-82 

Max Percent Change 

(%) 
1.992e-133 

Dry 

Drainage 

Falling Rate (%/hour) 1.117e-07 

Falling Rate 

Variability (%) 
0.033 

Min Percent Change 

(%) 
0.002 

Soil Order 

Falling Rate (%/hour) 5.721e-50 

Falling Rate 

Variability (%) 
2.252e-29 

Min Percent Change 

(%) 
2.016e-41 

Soil Texture 

Falling Rate (%/hour) 6.26e-13 

Falling Rate 

Variability (%) 
3.964e-40 

Min Percent Change 

(%) 
4.513e-26 
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Table 1.7. PCA weights for wet events at 10cm depth 

PC1 PCA Weight 

Mean soil temperature (C)  0.410 

Mean surface temperature (C)  0.409 

Maximum soil temperature (C) 0.408 

Maximum surface temperature (C) 0.364 

Minimum surface temperature (C) 0.362 

PC2  

Mean hourly water input (mm/hr) 0.570 

Total water input(mm)  0.550 

Maximum hourly water input (mm) 0.492 

Mean windspeed (m/s) 0.200 

Mean solar radiation (MJ/m2) 0.167 
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Table 1.8. PCA weights for dry events at 10cm depth 

PC1 PCA Weight 

Mean soil temperature (C)  0.390 

Mean surface temperature (C)  0.389 

Maximum soil temperature (C) 0.380 

Potential Evapotranspiration (mm) 0.369 

Minimum surface temperature (C) 0.333 

PC2  

Total water input of prior wet event (mm) 0.507 

Mean hourly water input of prior wet event (mm/hr) 0.468 

Starting soil moisture of dry event (%)  0.427 

Maximum hourly water input of prior wet event (mm) 0.401 

Ending soil moisture of last dry event (%) 0.272 
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Table 1.9 PCA weights for wet events at 30cm depth 

PC1 PCA Weight 

Mean soil temperature (C)  0.414 

Maximum surface temperature (C)  0.412 

Mean soil temperature (C) 0.411 

Minimum surface temperature (C) 0.364 

Maximum surface temperature (C) 0.363 

PC2  

Mean hourly water input (mm/hr) 0.559 

Total water input(mm)  0.547 

Maximum hourly water input (mm) 0.474 

Mean windspeed (m/s) 0.204 

Mean solar radiation (MJ/m2) 0.175 
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Table 1.10 PCA weights for dry events at 30cm depth 

PC1 PCA Weight 

Mean soil temperature (C)  0.405 

Mean surface temperature (C)  0.400 

Maximum soil temperature (C) 0.392 

Potential Evapotranspiration (mm) 0.375 

Minimum surface temperature (C) 0.337 

PC2  

Starting soil moisture of dry event (%) 0.484 

Mean hourly water input of prior wet event (mm/hr) 0.422 

Ending soil moisture of last dry event (%) 0.422 

Total water input of prior wet event (mm) 0.397 

Dry event duration (hours) 0.296 
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Chapter 1 Figures 

 
Figure 1.1. Approximate sites of in-situ soil moisture sensors used for this study. Total sites = 16. 
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Figure 1.2. Box plots of four identified wet event signatures across all sites  
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Figure 1.3 Box plots of three identified dry event signatures across all sites 
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Figure 1.4. Box plots of falling rate signature according to soil order 
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Figure 1.5. Pearson Correlation plot of wet event signatures against other variables 
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Figure 1.6. Pearson Correlation plot of dry event signatures against other variables 
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Figure 1.7. Pearson correlation analysis of PCA-weighted variables with wet event signatures at 

10cm. 
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Figure 1.8. Pearson correlation analysis of PCA-weighted variables with dry event signatures at 

10cm. 
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Figure 1.9. Pearson correlation analysis of PCA-weighted variables with wet event signatures at 

30cm. 
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Figure 1.10. Pearson correlation analysis of PCA-weighted variables with wet event signatures 

at 30cm. 
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Chapter 2: Predicting Soil Moisture Using Machine Learning 

 

2.1 Introduction 

2.1.1 Soil Moisture in Agriculture 

Soil moisture, or soil water content, is a critical factor in agriculture. It plays an essential role in 

supporting crop growth and maximizing yield, and a lack of soil moisture can lead to crop stress 

and lower yield (Ahmad et al., 2010). During periods of drought, irrigation serves as a vital tool 

to compensate for water deficits, allowing for potential water supply shortages. Yet, to minimize 

water waste and operational costs during drought, the practice of precision irrigation is 

increasingly adopted. Precision irrigation requires knowledge of real-time soil water availability 

and crop water needs to consider both irrigation timing and quantity. Precise monitoring of 

available soil water and assessing crop water requirements in the present and near future is 

necessary to ensure accurate timing and quantity in precision irrigation (Smith et al., 2010). Thus, 

proper monitoring and forecasting of soil moisture and keeping it within the ideal range for crops 

is crucial for precision irrigation. 

 

2.1.2 Predicting Soil Moisture for Agricultural Resource Management 

Traditionally, water balance models or physics-based models, such as Hydrus (Šimůnek et al., 

2008), were frequently used for soil moisture predictions. However, these models have limitations 

in accessibility and application due to the physical parameters required to make predictions and 

the heterogeneous nature of the soil at landscape scales and across depth profiles, which challenges 

the representation of measured physical parameters only for given locations. 

 

In response to increasing interest in precision irrigation, along with increasing access to data and 

computing power, there has been a growing focus on achieving soil moisture prediction using 

machine learning technology over the last decade. To predict soil moisture spatially, Zeng et al. 

(2019) developed a daily soil moisture prediction map using satellite imagery and in-situ soil 

moisture data to predict daily soil moisture by the random forest (RF) method. To predict soil 

moisture temporally, Hong et al. (2016) used support vector machine (SVM) and relevance vector 

machine (RVM) to predict soil moisture 15 days ahead with low error rates of 15%. In particular, 

the application of Long Short-Term Memory (LSTM) machine learning technique for predicting 

soil moisture levels has gained significant attention due to its ability to capture long-term 

dependencies and model complex temporal patterns, which hold similar characteristics to the 

inherited hydrological processes. Adeyemi (2018) successfully implemented LSTM to predict soil 

moisture one day ahead, which was proven helpful in informing precision irrigation management. 

With LSTM, Filipovic (2022) successfully predicted soil moisture three days ahead at various sites 

of different soil types without using soil moisture as input data but instead used daily air 

temperature, precipitation, and vapor pressure deficit. These advancements in machine learning, 

particularly the use of LSTM models, demonstrate the increasing capability and potential of 
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predictive tools to enhance precision irrigation practices by accurately forecasting soil moisture 

levels across various spatial and temporal scales. 

 

2.1.3 Knowledge Gap 

With the increasing interest in precise soil moisture prediction, utilizing LSTM in this domain 

presents an opportunity to leverage advanced machine learning techniques for addressing critical 

challenges in agriculture. While considerable attention has been focused on refining soil moisture 

prediction models using machine learning and LSTM, there is a notable gap in research focused 

on the practical applicability of these models for resource managers. In other fields such as 

business and economics, many studies have compared the prediction performance of time series 

data using LSTM against statistically-based models, such as AutoRegressive Integrated Moving 

Average (ARIMA, e.g., Hyndman and Athanasopoulos, 2018) and Vector Auto Regressive 

Moving Average (VARMA, e.g., Lütkepohl, 2006), which may be potentially easier and more 

accessible as a prediction tool. For instance, Siami-Namini et al. (2018) found that LSTM 

outperformed traditional models in predicting the prices of various stocks for the next month. 

 

One of the benefits of LSTM is its flexibility in handling various forms of training data. For 

instance, you can feed any amount of data or variables into an LSTM to optimize predictions. 

LSTM studies in predicting soil moisture largely focus on optimizing LSTM to maximize accuracy, 

such as by testing different combinations of climate variables for feature input. However, little has 

been done to compare univariate (i.e., soil moisture) input and multivariate (i.e., soil moisture and 

other variable) input. While a few studies in the natural sciences have demonstrated LSTM's 

superiority over ARIMA in predicting short-term wind power (e.g., Elsaraiti and Merabet, 2021), 

similar comparative analyses are lacking in the context of soil moisture predictions. 

 

Moreover, existing studies on soil moisture prediction often focus on daily or monthly time scales, 

neglecting the importance of hourly predictions that capture the short-term dynamics of soil 

moisture response to rainfall, an essential factor for precision irrigation. Prior studies also tend to 

focus on maximizing and overcomplicating the prediction accuracies of machine learning models 

without considering their accessibility for resource managers who lack the experience, knowledge, 

or resources to use them. Thus, if statistical models such as ARIMA, which are more 

straightforward and accessible, demonstrate comparable results to LSTM, it could be advantageous 

to favor ARIMA over LSTM. 

 

The primary objective of Chapter 2 is to create a univariate and multivariate LSTM model and an 

ARIMA and VARMA model that can simulate soil moisture values using in situ soil moisture time 

series data and investigate and compare the potential prediction application with these models.  

This chapter will answer the following questions: 

• What LSTM configurations, particularly which window size of input, and the degree of lag 

in water input data, would yield the best results? 
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• How well does LSTM perform compared to ARIMA? 

• How do univariate and multivariate LSTM models compare in prediction performance? 

• How well can LSTM models accurately predict soil moisture 12 hours, 24 hours, and 72  

hours ahead? 

• How do LSTM models perform at different soil moisture depths? 

• How does a model trained by a cumulative dataset perform for different sites? 

 

Answering these research questions contributes to the growing demand for optimizing LSTM for 

hourly soil moisture and utilizing machine learning as a prediction model for agricultural managers 

to better manage their irrigation schedule and efficiently manage their resources. 

 

2.2 Study Area 

This study analyzed soil moisture data from the Canterbury region on the South Island of New 

Zealand. Canterbury is located at 43.7542° S and 171.1637° E, and its climate is heavily influenced 

by the Southern Alps mountain range. Annual rainfall varies widely by region, with areas at higher 

altitudes by the Southern Alps receiving mean annual rainfall of 4,642 mm due to orographic 

influences, while areas closer to the east coast receive annual rainfall as low as 500 mm on average. 

Daily maximum temperature in summer months often exceeds 30C in coastal areas, while daily 

minimum temperatures in winter months can drop below -5C (Macara, 2016). This study will 

utilize in-situ soil moisture data stationed on the eastern side of Canterbury, north of Christchurch 

City (Figure 1.1), where monthly rainfall averages between 61 and 68 mm in the winter months 

(June to August) and 38 to 50 mm in the summer months (December to February). 

 

2.3 Study Data 

The National Institute of Water and Atmospheric Research (NIWA) set up a network of soil 

moisture sensors coupled with rain gauges across various ranchlands as part of its Irrigation Insight 

program to monitor conditions and irrigation applications. Of the 47 sensors installed in the 

network, 16 are situated in the study area (Figure 1.1). 

 

Each site consists of an Enviropro soil moisture sensor that measures soil moisture and soil 

temperature at 10 cm increments from 0 to 80 cm depths every 10 minutes. Each soil moisture is 

paired with a rain gauge that collects and measures water input, including precipitation and 

irrigation, at the same time step. All sites’ land use was classified as grassland or cropland, with 

varying soil characteristics (Table 1.1). 

 

2.4 Methods 

2.4.1 Data Processing 

Prior to creating prediction models, quality-controlled hourly soil moisture data was summarized 

and prepared for model input. Due to LSTM’s requirement for complete data, any missing values 

were filled with the mean value of the respective time series. MinMaxScaler from Scikit-Learn 
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was used to scale the data between 0 and 1 to optimize model training (Pedregosa et al., 2011) (eq 

2.1 and 2.2). 

 

𝑋𝑠𝑡𝑑 =  
𝑋 − 𝑋𝑚𝑖𝑛

𝑋𝑚𝑎𝑥 − 𝑋𝑚𝑖𝑛
 (2.1) 

 

𝑋𝑠𝑐𝑎𝑙𝑒𝑑 = 𝑋𝑠𝑡𝑑 ∗ (𝑚𝑎𝑥 − 𝑚𝑖𝑛) + 𝑚𝑖𝑛 (2.2) 

 

Where min and max are the desired range, which is between 0 and 1 for this study. 

 

2.4.2 Pre-modeling Data Analysis 

An autocorrelation analysis was done on the 10cm depth soil moisture data to see how its values 

are related over time, revealing lag effects and potential seasonal or diurnal cycles in the data. This 

information was used to inform the selection of model parameters, such as window size, ensuring 

that the models appropriately captured relevant temporal patterns and can be optimized for 

prediction.  

 

2.4.3 ARIMA and VARMA 

ARIMA uses three components to make time series prediction: The relationship between the 

current and past value in the sequences (AutoRegressive, p), the differencing of observations so 

the sequence is stationary (Integrated, d), and the relationship between the current value and past 

errors (Moving Average, q). ARIMA is designed to accept univariate time series data to predict a 

single variable. In contrast, VARMA can predict a variable using multivariate inputs while keeping 

similar components and structure to ARIMA, particularly the AutoRegressive and Moving 

Average components (Hyndman and Athanasopoulos, 2018). 

 

Prior to running the models, the parameters p, d, and q required for ARIMA and VARMA will be 

obtained using pmdarima’s auto_arima package (Smith, 2017). This package automatically 

determines the optimal combination of parameters that would accurately fit the given time series 

data. For ARIMA and VARMA, each time series was split into two sets: 85% for training and 15% 

for testing. 

 

2.4.4 Machine Learning and LSTM 

A common form of machine learning used to make time-series predictions is recurrent neural 

networks (RNNs). RNNs can process sequential data using a hidden state that can retain patterns 

of historical information to make an informative prediction. However, RNNs encounter a 

challenge of long-term dependencies, as its architecture struggles to retain information from earlier 

time steps, resulting in computational strain and a decreasing influence of past data with time. 

 

To address the long-term dependency problem, Long Short-Term Memory (LSTM) was 

introduced as a modified RNN (Hochreiter and Schmidhuber, 1997). The LSTM structure has 

three primary components that allow the model to process longer sequences of data: the input gate, 

the forget gate, and the output gate. The input gate stores necessary information from past and 
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current data, while the forget gate deletes the unnecessary information. The output gate determines 

the outputted information from the cell state. This allows for LSTM to use extensive time series 

for accurate prediction effectively. 

 

For this study, univariate and multivariate LSTM models were created for each site at depths 10cm, 

40cm, and 80cm. Each model will predict +12 hours, +24 hours, and +72 hours ahead of the 

current time t. Univariate models will utilize the respective soil moisture time series for training, 

while multivariate models will incorporate soil moisture in addition to water input and surface 

temperature. LSTM models will be trained and tested using TensorFlow (Martín Abadi et al., 

2015). 

 

For LSTM, time series were split into three sets: 70% training, 15% validating, and 15% testing. 

The training dataset serves as the foundation for training and creating a prediction model, while 

the validation set is used to determine if model underfitting or overfitting occurs, and model 

adjustments can be made. Underfitting occurs when the model does not fit the training data, 

resulting in poor predictions of the validation data. Overfitting arises when the model excessively 

complicates the model and leads to the inability to predict data outside of the training dataset. The 

testing dataset was used to assess the model’s ability to make predictions on data that was 

independent of the training and validation dataset. 

 

2.4.5 Model Development and Tuning 

LSTM hyperparameters, such as epoch, neurons, batch size, learning rate, and window size, are 

critical components in ensuring a model is optimally trained without the occurrence of overfitting 

or underfitting. For instance, an epoch that is set too small can prevent the model from iterating 

enough times to develop an optimal model. A learning rate that is too coarse can cause a loss of 

information during model training and result in poor generalization for consequent predictions. 

Therefore, it is necessary to run experiments to test what combinations of hyperparameters will 

yield a better model and, thus, more accurate predictions. 

 

2.4.6 LSTM Water Input Modifications 

Additionally, assuming there is usually a delayed or prolonged soil moisture response to 

precipitation, a potential strategy is to shift the hourly input data by n hours earlier and use it as a 

forecast in the model. This aims to reduce the lag time between a water input event and an increase 

in soil moisture. For example, water input at t+12 hours would be treated as occurring at hour t in 

the model and be used for forecasting soil moisture. This idea will be tested by performing 

multivariate LSTM with the water input used as a feature at different shifts: No shift, 1h, 6h, 12h, 

and 24h. 
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2.4.7 Applying one site’s model to another site 

To test for the applicability and generalizability potential of LSTM models, I experimented with 

how accurately a model trained by one site would perform to other sites and how accurately a 

model trained by more than one site would perform to other sites. 

 

16 sites were divided into four groups by geographic location (Figure 2.1). A site that was situated 

closest to the center of each group was selected as the group’s central site. Then, the central site’s 

model was used to predict soil moisture for the remaining sites in the same group. On the other 

hand, a cumulative training dataset was created for each group by combining data from each site 

in the group. Each site then used its respective group’s model for soil moisture prediction. 

 

Lastly, a training dataset was created by combining the time series data from all 16 sites. This 

dataset was used to train and test both univariate and multivariate models, aiming to evaluate their 

predictive performance for each individual site. The performance of these models was then 

compared to that of models trained exclusively on data from each respective site. To assess the 

model's ability to make predictions off of the unseen data, leave-one-out cross-validation was 

employed, allowing for the evaluation of how well the model could predict a site that was excluded 

from the training process. 

 

2.4.8 ARIMA-LSTM Stacked Model 

A preliminary analysis was conducted by combining ARIMA and LSTM models to evaluate their 

potential for yielding optimal results. This hybrid approach leverages the strength of ARIMA 

capturing linear patterns and LSTM addressing nonlinear dependencies (Choi, 2018). Specifically, 

the ARIMA model was first applied to predict soil moisture, and its predictions were then used as 

input for a multivariate LSTM model. The analysis was performed using data from a single site. 

 

2.4.9 Model Evaluation 

Model evaluation and comparison were done by using error metrics commonly used for model 

evaluation, including Root Mean Squared Error (RMSE), Mean Absolute Percentage Error 

(MAPE), Mean Absolute Error (MAE), and Pearson correlation (R2) metrics using the SciKit-

learn package (Pedregosa et al., 2011). 

 

MAE calculates the mean difference between predicted and actual values and is in the units of the 

target variable. RMSE measures the square root of the mean squared difference between predicted 

and actual values. MAE weighs all errors equally, while RMSE allows for a heavier weight on 

larger errors (Eq. 2.3, 2.4, and 2.5). 

𝑅𝑀𝑆𝐸 =  √∑
(𝑦̂𝑖 − 𝑦𝑖)

2

𝑛

𝑛

𝑖=1

(2.3) 
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𝑀𝐴𝐸 =  
∑ |𝑦̂𝑖 − 𝑦𝑖|

𝑛
𝑖=1

𝑛
(2.4) 

 

𝑅2 = 1 − 
∑ (𝑦𝑖 − 𝑦̂)2𝑛

𝑖=1

∑ (𝑦𝑖 − 𝑦̅)2𝑛
𝑖=1

 (2.5) 

 

 

Where 𝑛 is the number of observations, 𝑦̂𝑖 are predicted values, 𝑦𝑖 are observed values, and 𝑦̅ is 

the mean of 𝑦𝑖 (i = 1…N). 

 

All three metrics were calculated for ARIMA, VARMA, univariate, and multivariate LSTM at 

each depth and each time prediction. The results of each model type were calculated by averaging 

the error metrics across all sites. Model performance between ARIMA/VARMA and LSTM was 

compared by taking the average of each error metric from all sites. 

 

2.5 Results 

2.5.1 Pre-modeling Data Analysis 

Autocorrelation analysis of the 10 cm soil moisture data reveals strong autocorrelation at 1-hour, 

6-hour, and 12-hour lags, with a gradual decrease in autocorrelation as the lag time increases 

(Figure 2.2).  This finding provides critical information for model development and defining the 

optimal lag structure and temporal window size for the LSTM models.  

 

2.5.2 ARIMA and VARMA 

Table 2.1 and Table 2.2 show the results for ARIMA and VARMA for predicting soil moisture at 

depths 10, 40, and 80 cm and at t+12, 24, and 72 hours. VARMA outperformed ARIMA at 10cm, 

but ARIMA outperformed VARMA for 40 and 80cm depths. ARIMA outperformed VARMA for 

all time step predictions. 

 

2.5.3 LSTM Model Hyperparameter Tuning 

Different model configurations were tested by experimenting with different parameter values and 

finding the parameter with the best performance metric for the last 15% of the dataset. Various 

model parameters were tested to find the optimal combination of hyperparameters across all sites 

and depths. Results showed that the best parameters were in the table (Table 2.3; See Appendix 

for test results). 

 

Different input hours of 5, 12, 24, and 48-hour windows were tested to find an optimal window 

size. Model performance metrics revealed that a window size of 24 hours produced optimal values, 

with the lowest MAE and RMSE scores and the highest correlation R2 (Table 2.4). 
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2.5.4 LSTM Input Modifications 

Additionally, multivariate models with varying shifts in the water input time series of one hour, 

six hours, 12 hours, and 24 hours were tested to replicate forecasts. A six-hour water input shift 

yielded the best performance metrics compared to other shifts (Table 2.5). 

 

2.5.5 Prediction Models 

Both univariate and multivariate LSTM models showed performance worsened as the prediction 

time increased (Table 2.6; Figure 2.3; Figure 2.4). A mean of all models’ error metric results 

showed slightly improved metrics for multivariate models compared to univariate models across 

t+12 and t+24 hours, while univariate predictions showed better results for t+72 hours.  

 

Figure 2.5 shows that the LSTM could perform well in all three depths regardless of the data’s 

range or noise level. Multivariate models outperformed univariate models for 10 cm and 40 cm 

depths, while univariate models performed better at 80 cm depth (Table 2.7; Figure 2.6). 

 

Univariate LSTM was compared to ARIMA to evaluate LSTM's performance relative to this 

standard statistical approach. Based on RMSE, MAE, and R2, ARIMA outperformed univariate 

LSTM for all depths and all prediction times (Table 2.1). When comparing between VARMA and 

multivariate LSTM, VARMA outperformed multivariate LSTM (Table 2.2). Overall, the ARIMA 

presented improved error metrics among univariate and multivariate models. 

 

It is worth noting that while time series data visually looks accurate, a closer look shows a lag 

between soil moisture prediction and observation for both ARIMA and LSTM (Figure 2.7). 

 

2.5.6 Grouped Model Approach 

Table 2.11 shows model performance for testing data for each site when it uses its own model 

versus its group’s central site model. Results show that most soil moisture predictions perform 

worse when using the central site’s model. However, visual inspection shows that using another 

site’s model can still capture the general patterns of the time series (Figure 2.8). Meanwhile, when 

a site uses its group’s cumulative model, performance improves (Table 2.12). 

 

When examining the cumulative multivariate model trained from a combination of all sites’ time 

series data, RMSE, MAE, and R2 mostly showed the cumulative multivariate model has improved 

metrics compared to models built solely with data of each site. The results are similar at different 

depths (Table 2.8). Most sites showed improved prediction metrics when the validated with leave-

one-out cross-validation (Table 2.8; Table 2.9). Preliminary analysis comparisons showed that 

LSTM’s leave-one-out cross validation metrics outperformed that of ARIMA for one site.  

 

2.5.7 ARIMA-LSTM Stacked Model 

A comparison was conducted between the ARIMA, LSTM, and ARIMA-LSTM stacked models 

to evaluate their predictive performance (Table 2.13). Results indicate that the ARIMA model 
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consistently outperformed both the LSTM and ARIMA-LSTM stacked models. The ARIMA-

LSTM stacked model yielded the poorest performance among the three, failing to provide 

significant improvements over the individual models (Table 2.13). 

 

2.6 Discussion 

2.6.1 Model Setup 

Optimal window size suggests that the last 24 hours of soil moisture are most helpful in predicting 

the next 12, 24, and 72 hours of soil moisture. While a window size of 5 or 12 is too small, a 

window size of 48 is too large, containing excessive irrelevant information for making accurate 

predictions. 

 

Six-hour shifts in water input yielded the best results. This implies that understanding the water 

input ahead of time is helpful in predicting soil moisture. This makes sense as soil moisture 

increase is heavily based on precipitation and/or irrigation, but the response time to the increase is 

typically delayed. 

 

It is important to note that handling input data this way has limitations. For instance, the shift in 

water input data is meant to replicate a 6-hour forecast and does not consider the potential errors 

weather forecasts typically have. Thus, when a model forecasts soil moisture using forecasted 

water input data as a feature instead of actual water input, the model may not yield optimal results. 

Further, the water input data here included precipitation and irrigation, so the model could predict 

soil moisture differently if only precipitation data were fed into the model. 

 

2.6.2 LSTM Evaluation 

LSTM errors and uncertainty grew as the prediction time increased. When comparing univariate 

and multivariate LSTM, multivariate models performed slightly better for t+12 and +24 hours, 

suggesting including water input and surface temperature as model predictors improved the soil 

moisture forecasts. On the other hand, univariate LSTM performed better for t+72 hours, 

suggesting soil moisture as a predictor alone was good enough to predict 72 hours ahead. Although 

there are some differences between the error metrics of univariate models and multivariate models, 

the differences are relatively small. Visually, there is little difference in the forecasting 

performance. 

 

For models at different depths, the univariate model did better for predicting soil moisture at 80cm, 

which typically has relatively low variability. This could be explained by the fact that rainfall and 

temperature have a weaker effect on soil moisture at deeper depths and that soil moisture at 80cm 

has less noise. 

 

Despite low error metrics and what appears to be accurate predictions depicted in the time series 

figures, there is a lag between observed data and the predicted data. This lag in soil moisture 
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predictions concerns the model's applicability for irrigation. The lag could be primarily explained 

by strong autocorrelation in soil moisture data, where data values are highly related to the 

preceding point. 

 

The leave-one-out for multivariate LSTM method suggests that a model trained with data from 

multiple sites would be useful in soil moisture predictions. Using a cumulative dataset of all 16 

sites to train the model proved useful and effective in predicting soil moisture for the 1 site that 

was left out of training, and shows that this method could, in theory, be used to model soil moisture 

at all sites within the region. 

 

ARIMA showed better results compared to univariate LSTM. This could imply that LSTM may 

not necessarily be the best solution for soil moisture forecasting on an hourly basis, and statistical 

time series prediction methods could perform just as well as machine learning methods. This 

finding disagrees with results from Basir et al. (2024) and Kumar and Rao (2023), who discovered 

that LSTM outperformed ARIMA models in predicting soil moisture. However, their analysis 

forecasted weekly or monthly soil moisture data, so the results for hourly data might differ. It is 

also worth noting that ARIMA is criticized for requiring frequent training and thus would require 

more maintenance and model updating for predictions to be continuously used long term 

(Hewamalage et al., 2021). Further, ARIMA tends to take longer to forecast, averaging 70 minutes 

for the test dataset in this study, while LSTM takes two seconds to forecast the same amount of 

data. Also, ARIMA has the advantage of requiring the order parameters to be tuned for every site, 

while LSTM used one hyperparameter configuration for all sites and depths. 

 

Initial experiments exploring the viability of combining ARIMA and LSTM in a stacked model 

indicated that the approach did not perform well. The analysis was conducted using data from a 

single site, which may limit the generalizability of these findings. One key factor affecting the 

performance of the stacked model was the reduction in dataset size. Unlike the standalone ARIMA 

and LSTM models, the ARIMA-LSTM stacked model relied on the ARIMA test set as input for 

the LSTM, resulting in a smaller effective test set. This reduction in data availability likely 

impacted the model's ability to learn and generalize effectively. Additionally, the ARIMA-LSTM 

stacked model also exhibited a noticeable lag in its predictions. 

 

2.6.3 Further work and recommendations 

To improve error metrics and the lag problem, more complex LSTM models can be implemented, 

such as multilayers or a hybrid combination found in previous studies (Li et al., 2022; Datta and 

Faroughi, 2023). Additional variables, such as relative humidity and vapor pressure, could be 

tested to see if they would improve multivariate modeling. However, it is worth considering at 

what point it is too much and may not apply to resource managers using these prediction outputs. 

A model that is too complex or requires intricate data input requirements is not ideal. Individual 
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LSTM model performance could also be improved by tuning the hyperparameters for each site 

rather than having the same configurations for every site. 

 

2.7 Conclusions 

In this study, LSTM models were developed to predict soil moisture at depths of 10 cm, 40 cm, 

and 80 cm for 12 hours, 24 hours, and 72 hours ahead for 16 sites in Canterbury, New Zealand. 

The models used training data from the respective site that ranged between 3 to 5 years, with input 

features for the models including hourly soil moisture, water input, and temperature data. When 

comparing the performance of ARIMA/VARMA vs. LSTM, ARIMA outperformed LSTM by a 

small margin. However, both prediction models present the limitation where there is a lag between 

the observed data and the predicted data. Further, LSTM successfully predicted soil moisture for 

sites outside the dataset on which the LSTM model was trained. 

 

LSTM could predict soil moisture well at all depths, especially for t+12 hours. The LSTM models 

were also capable of predicting soil moisture for sites not included in the model training and were 

most successful in predicting soil moisture when the model was trained from multiple sites’ 

datasets. While LSTM did not perform as well as ARIMA, the performance of the model trained 

with cumulative data study showed that LSTM has the potential to be used in a broader area, such 

as for sites that lack historical soil moisture data for model training. 

 

Future research may consider improving models to optimize LSTM capabilities for all sites to 

minimize the lag between predicted and observed values, such as by creating more complex LSTM 

models. However, an emphasis should be placed on creating a model that can be accessible and 

easily adapted by general users.  
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Chapter 2 Tables 

 

Table 2.1. Error metrics (RMSE, MAE, and R²) between ARIMA and Univariate LSTM models   
ARIMA Univariate LSTM 

Depth RMSE MAE R2 RMSE MAE R2 

10cm 3.246 2.110 0.780 3.361 2.260 0.727 
40cm 1.239 0.689 0.684 1.251 0.674 0.610 
80cm 0.859 0.420 0.713 0.890 0.484 0.655 

t+ RMSE MAE R2 RMSE MAE R2 
12 1.136 0.515 0.883 1.264 0.683 0.816 
24 1.584 0.871 0.792 1.665 0.976 0.707 
72 2.624 1.833 0.502 2.572 1.759 0.470 

 

Table 2.2. Error metrics (RMSE, MAE, and R²) between VARMA vs. Multivariate LSTM models  
VARMA Multivariate LSTM 

Depth RMSE MAE R2 RMSE MAE R2 
10cm 3.485 2.566 0.636 3.105 1.941 0.713 
40cm 3.425 2.540 0.662 1.360 0.723 0.548 
80cm 4.545 3.588 0.550 0.859 0.372 0.726 

t+ RMSE MAE R2 RMSE MAE R2 
12 2.388 1.550 0.854 1.192 0.548 0.810 
24 3.333 2.405 0.742 1.635 0.868 0.687 
72 5.734 4.738 0.252 2.498 1.619 0.492 
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Table 2.3. Hyperparameter values used for LSTM models in this study 

Hyperparameter Value 

Neurons 100 

Learning Rate 0.005 

Epoch 20 

Batch Size 32 
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Table 2.4. Comparison of window size performance averaged for all sites when predicting t+12 

hours. (Total sites = 16, Depths = 10, 40, 80cm) 

Window size RMSE MAE R2 

5 1.169 0.623 0.803 

12 1.204 0.602 0.616 

24 1.087 0.576 0.836 

48 1.102 0.603 0.829 

 

 

 

Table 2.5. Comparison of water input shift used averaged for all sites when predicting t+12 hours.  

Water Input Shift RMSE MAE R2 

No shift 1.1843 0.6324 0.8075 

One-hour shift 1.1636 0.6127 0.8202 

Six-hour shift 1.0960 0.5936 0.8307 

12-hour shift 1.1280 0.5578 0.5917 

24-hour shift 1.1305 0.6072 0.8062 
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Table 2.6. Error metrics (RMSE, MAE, and R²) between univariate and multivariate LSTM across 

varying time predictions 

  Univariate Multivariate 
  RMSE MAE R2 RMSE MAE R2 

t+12 1.264 0.683 0.816 1.152 0.672 0.837 
t+24 1.665 0.976 0.707 1.622 0.974 0.691 
t+72 2.572 1.759 0.470 2.627 1.786 0.392 

 

 

Table 2.7. Model performance for univariate and multivariate LSTM across varying depths.  
Univariate Multivariate  

RMSE MAE R2 RMSE MAE R2 
10cm 3.361 2.260 0.727 3.298 2.269 0.740 
40cm 1.251 0.674 0.610 1.213 0.656 0.614 
80cm 0.890 0.484 0.655 0.890 0.507 0.567 
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Table 2.8. Error metrics (RMSE, MAE, and R²) between multivariate individual model prediction and cumulative model prediction  
Individual Model Cumulative Model Leave-one-out Model 

Depth RMSE MAE R2 RMSE MAE R2 RMSE MAE R2 
10cm 3.298 2.269 0.740 3.122 1.944 0.733 3.102 1.941 0.718 
40cm 1.213 0.656 0.614 1.148 0.577 0.685 1.221 0.558 0.630 
80cm 0.890 0.507 0.567 0.894 0.408 0.687 0.884 0.409 0.619 

t+ RMSE MAE R2 RMSE MAE R2 RMSE MAE R2 
12 1.152 0.672 0.837 1.149 0.530 0.842 1.170 0.529 0.814 
24 1.622 0.974 0.691 1.558 0.830 0.757 1.552 0.790 0.715 
72 2.627 1.786 0.392 2.456 1.570 0.507 2.486 1.590 0.438 
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Table 2.9. Error metrics (RMSE, MAE, and R²) for leave-one-out cross validation method 

(multivariate, t+12 hours) 

Leave-one-out 
Site Depth RMSE MAE R2 

2930 10 0.984 0.602 0.877 
2930 40 0.526 0.264 0.606 
2930 80 0.564 0.280 -0.180 
2931 10 1.990 0.911 0.965 
2931 40 0.997 0.311 0.890 
2931 80 0.545 0.184 0.901 
2932 10 0.586 0.415 0.684 
2932 40 0.179 0.061 0.478 
2932 80 0.338 0.173 0.180 
5386 10 0.775 0.457 0.818 
5386 40 0.284 0.129 0.712 
5386 80 0.196 0.108 0.821 
5847 10 0.794 0.473 0.878 
5847 40 0.190 0.094 0.929 
5847 80 0.121 0.060 0.932 
5848 10 2.419 1.400 0.977 
5848 40 0.897 0.382 0.955 
5848 80 0.529 0.196 0.974 
6581 10 2.732 1.609 0.938 
6581 40 0.637 0.271 0.673 
6581 80 0.221 0.151 0.633 
6817 10 2.832 1.266 0.954 
6817 40 0.388 0.223 0.948 
6817 80 0.115 0.060 0.751 
6819 10 2.311 1.104 0.977 
6819 40 0.777 0.334 0.976 
6819 80 0.194 0.164 0.969 
6820 10 1.883 0.867 0.903 
6820 40 2.601 0.561 0.114 
6820 80 1.224 0.362 0.918 
6828 10 2.027 0.917 0.982 
6828 40 1.112 0.494 0.834 
6828 80 2.802 1.046 0.889 
6829 10 3.252 2.021 0.298 
6829 40 0.380 0.202 0.821 
6829 80 0.135 0.069 0.932 
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6847 10 3.492 1.258 0.965 
6847 40 2.845 0.860 0.857 
6847 80 0.115 0.068 0.932 
7010 10 1.919 0.857 0.918 
7010 40 0.912 0.297 0.994 
7010 80 1.789 0.752 0.977 
7121 10 1.415 0.645 0.941 
7121 40 0.324 0.151 0.949 
7121 80 0.412 0.124 0.922 
8676 10 3.216 1.614 0.924 
8676 40 1.048 0.463 0.950 
8676 80 0.130 0.068 0.851 
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Table 2.10 Error metrics (RMSE, MAE, and R²) for leave-one-out cross validation method for 

ARIMA and multivariate LSTM for Site 2930 ( t+12 hours) 

 ARIMA LSTM 
Depth RMSE MAE R2 RMSE MAE R2 

10 1.247 1.102 0.865 0.984 0.602 0.877 
40 0.673 0.279 0.462 0.526 0.264 0.606 
80 0.563 0.131 -0.232 0.564 0.280 -0.180 
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Table 2.11. Error metrics (RMSE, MAE, and R²) between LSTM multivariate individual site model 

and group’s central site model (in bold) 
 

Individual Models Group Central Site Models 
Group A RMSE MAE R2 RMSE MAE R2 

5847 0.542 0.351 0.741 0.610 0.415 0.745 
6817 1.580 1.018 0.801 1.570 0.942 0.891 
6819 1.281 0.902 0.968 1.281 0.902 0.968 
6820 2.538 1.117 0.533 2.913 1.283 0.315 

Group B RMSE MAE R2 RMSE MAE R2 
5848 2.129 1.229 0.896 2.407 1.528 0.801 
6828 3.036 1.886 0.717 3.324 2.244 0.691 
6829 1.134 0.779 0.635 1.501 1.190 0.328 
6847 3.127 1.948 0.870 3.234 1.648 0.308 
7010 2.349 1.514 0.899 2.349 1.514 0.899 
7121 1.267 0.760 0.780 1.829 1.268 0.106 

Group C RMSE MAE R2 RMSE MAE R2 
2932 0.405 0.251 0.387 1.897 1.790 -49.043 
5386 0.554 0.402 0.496 0.564 0.402 0.662 
6581 1.951 1.356 0.616 1.951 1.356 0.616 

Group D RMSE MAE R2 RMSE MAE R2 
2930 0.973 0.675 0.199 1.634 1.302 -0.615 
2931 3.495 2.565 0.567 3.495 2.565 0.567 
8676 2.445 1.550 0.139 4.214 3.461 -0.759 
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Table 2.12 Error metrics (RMSE, MAE, and R²) between LSTM multivariate site model and group’s 

central model 
 

Individual Models Group Models 
Group A RMSE MAE R2 RMSE MAE R2 

5847 0.515 0.321 0.782 0.791 0.571 -0.466 
6817 1.455 0.870 0.899 1.557 0.832 0.836 
6819 1.169 0.808 0.974 1.189 0.701 0.959 
6820 2.510 1.110 0.534 3.425 2.337 -0.305 

Group B RMSE MAE R2 RMSE MAE R2 
5848 2.092 1.173 0.897 2.326 1.496 0.837 
6828 3.022 1.786 0.720 2.977 1.631 0.741 
6829 1.112 0.712 0.589 1.273 0.827 0.531 
6847 3.521 2.064 0.830 4.069 1.700 0.230 
7010 2.675 1.850 0.872 2.336 1.610 0.898 
7121 1.276 0.750 0.779 1.317 0.691 0.777 

Group C RMSE MAE R2 RMSE MAE R2 
2932 0.403 0.248 0.386 0.457 0.286 0.269 
5386 0.583 0.424 0.403 0.606 0.394 0.624 
6581 1.891 1.327 0.641 2.191 1.424 0.578 

Group D RMSE MAE R2 RMSE MAE R2 
2930 0.993 0.674 0.188 0.926 0.582 0.370 
2931 3.577 2.607 0.583 1.583 0.836 0.861 
8676 2.152 1.341 0.356 1.950 1.201 0.551 
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Table 2.13 Error metrics (RMSE, MAE, and R²) between ARIMA, multivariate LSTM, and ARIMA-

LSTM stacked model for one site (Site 5848) 

 MAE RMSE R2 

ARIMA 2.400 1.176 0.978 

LSTM 2.442 1.379 0.977 

ARIMA-LSTM 2.64 1.553 0.932 
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Chapter 2 Figures 

  

 
Figure 2.1. Map of site locations the with color corresponding to cluster 
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Figure 2.2. Autocorrelation analysis for soil moisture at 10cm depth for lags 1 hour, 6 hours, and 

12 hours 
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Figure 2.3. Test data period for Site 5848 by time predictions a) t+12, b) t+24, and c) t+72 hours 
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Figure 2.4: Box plot of error metrics between univariate and multivariate LSTM for a) t+12 

hours, b) t+24 hours, and c)t+72 hours. 
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Figure 2.5. Multivariate LSTM model predictions for test data period for Site 5848 by soil depths 

a) 10cm, b) 40cm, and c) 80cm. 
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Figure 2.6. Box plot of error metrics between univariate and multivariate LSTM for depths a) 

10cm, b) 40cm, and c) 80cm. 
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Figure 2.7. ARIMA (red) and LSTM (blue) performance compared to observed data (black) for 

site 5847 (depth = 10, t+12 hours) 
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Figure 2.8. Multivariate LSTM performance for Site 5847 when using Site 6819’s model (depth = 

10, t+12 hours)  
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Appendices 

 

Appendix A 

Site Depth Neuron RMSE MAE R2 
2930 10 40 1.121 0.657 0.840 
2930 40 40 0.636 0.382 0.424 
2930 80 40 0.444 0.233 0.267 
6817 10 40 2.640 1.169 0.960 
6817 40 40 0.262 0.122 0.977 
6817 80 40 0.102 0.078 0.807 
7121 10 40 1.669 0.856 0.918 
7121 40 40 0.310 0.142 0.954 
7121 80 40 0.412 0.128 0.922 
2930 10 60 1.133 0.672 0.836 
2930 40 60 0.585 0.326 0.512 
2930 80 60 0.442 0.235 0.276 
6817 10 60 2.665 1.261 0.960 
6817 40 60 0.260 0.126 0.977 
6817 80 60 0.113 0.091 0.764 
7121 10 60 1.716 0.731 0.913 
7121 40 60 0.373 0.288 0.933 
7121 80 60 0.432 0.186 0.914 
2930 10 80 1.144 0.663 0.833 
2930 40 80 0.595 0.338 0.496 
2930 80 80 0.409 0.169 0.381 
6817 10 80 2.764 1.517 0.957 
6817 40 80 0.252 0.111 0.978 
6817 80 80 0.069 0.045 0.911 
7121 10 80 1.716 0.734 0.913 
7121 40 80 0.383 0.241 0.929 
7121 80 80 0.414 0.129 0.921 
2930 10 100 1.121 0.657 0.840 
2930 40 100 0.667 0.427 0.365 
2930 80 100 0.474 0.266 0.166 
6817 10 100 2.621 1.067 0.961 
6817 40 100 0.264 0.141 0.976 
6817 80 100 0.088 0.065 0.858 
7121 10 100 1.702 0.751 0.915 
7121 40 100 0.381 0.251 0.930 
7121 80 100 0.423 0.180 0.918 
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2930 10 200 1.130 0.683 0.837 
2930 40 200 0.651 0.379 0.397 
2930 80 200 0.484 0.305 0.132 
6817 10 200 2.664 1.191 0.960 
6817 40 200 0.266 0.139 0.976 
6817 80 200 0.088 0.066 0.857 
7121 10 200 1.762 0.844 0.908 
7121 40 200 0.381 0.252 0.930 
7121 80 200 0.420 0.180 0.919 
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Site Depth LR Epoch RMSE MAE R2 
2930 10 0.0001 10 1.195 0.698 0.818 
2930 10 0.0001 20 1.160 0.718 0.829 
2930 40 0.0001 10 0.648 0.398 0.401 
2930 40 0.0001 20 0.766 0.532 0.165 
2930 80 0.0001 10 0.470 0.289 0.182 
2930 80 0.0001 20 0.473 0.275 0.169 
6817 10 0.0001 10 2.800 1.259 0.955 
6817 10 0.0001 20 2.736 1.227 0.957 
6817 40 0.0001 10 0.272 0.135 0.975 
6817 40 0.0001 20 0.269 0.137 0.975 
6817 80 0.0001 10 0.163 0.134 0.507 
6817 80 0.0001 20 0.115 0.088 0.756 
7121 10 0.0001 10 1.802 0.768 0.904 
7121 10 0.0001 20 1.843 0.913 0.900 
7121 40 0.0001 10 0.360 0.184 0.938 
7121 40 0.0001 20 0.469 0.354 0.894 
7121 80 0.0001 10 0.447 0.143 0.908 
7121 80 0.0001 20 0.456 0.198 0.904 
2930 10 0.001 10 1.154 0.657 0.830 
2930 10 0.001 20 1.124 0.645 0.839 
2930 40 0.001 10 0.573 0.298 0.532 
2930 40 0.001 20 0.691 0.474 0.319 
2930 80 0.001 10 0.522 0.358 -0.010 
2930 80 0.001 20 0.444 0.226 0.268 
6817 10 0.001 10 2.689 1.285 0.959 
6817 10 0.001 20 2.631 1.115 0.961 
6817 40 0.001 10 0.265 0.137 0.976 
6817 40 0.001 20 0.264 0.141 0.976 
6817 80 0.001 10 0.090 0.065 0.850 
6817 80 0.001 20 0.075 0.049 0.897 
7121 10 0.001 10 2.089 1.366 0.871 
7121 10 0.001 20 1.722 0.801 0.913 
7121 40 0.001 10 0.373 0.226 0.933 
7121 40 0.001 20 0.309 0.138 0.954 
7121 80 0.001 10 0.421 0.146 0.918 
7121 80 0.001 20 0.415 0.138 0.921 
2930 10 0.005 10 1.126 0.729 0.838 
2930 10 0.005 20 1.133 0.694 0.837 
2930 10 0.005 10 1.132 0.707 0.837 
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2930 10 0.005 20 1.126 0.668 0.838 
2930 40 0.005 10 0.602 0.342 0.483 
2930 40 0.005 20 0.628 0.354 0.438 
2930 40 0.005 10 0.620 0.329 0.452 
2930 40 0.005 20 0.610 0.344 0.470 
2930 80 0.005 10 0.533 0.318 -0.054 
2930 80 0.005 20 0.427 0.194 0.323 
2930 80 0.005 10 0.519 0.358 0.000 
2930 80 0.005 20 0.378 0.160 0.471 
6817 10 0.005 10 2.676 1.298 0.959 
6817 10 0.005 20 2.626 1.082 0.961 
6817 10 0.005 10 2.643 1.158 0.960 
6817 10 0.005 20 2.642 1.198 0.960 
6817 40 0.005 10 0.292 0.204 0.971 
6817 40 0.005 20 0.254 0.127 0.978 
6817 40 0.005 10 0.258 0.128 0.977 
6817 40 0.005 20 0.265 0.153 0.976 
6817 80 0.005 10 0.072 0.049 0.905 
6817 80 0.005 20 0.065 0.041 0.923 
6817 80 0.005 10 0.065 0.041 0.921 
6817 80 0.005 20 0.071 0.049 0.908 
7121 10 0.005 10 1.687 0.689 0.916 
7121 10 0.005 20 1.676 0.684 0.917 
7121 10 0.005 10 1.827 0.836 0.902 
7121 10 0.005 20 1.717 0.770 0.913 
7121 40 0.005 10 0.385 0.245 0.929 
7121 40 0.005 20 0.306 0.143 0.955 
7121 40 0.005 10 0.312 0.154 0.953 
7121 40 0.005 20 0.308 0.139 0.954 
7121 80 0.005 10 0.427 0.181 0.916 
7121 80 0.005 20 0.421 0.163 0.918 
7121 80 0.005 10 0.431 0.222 0.914 
7121 80 0.005 20 0.457 0.280 0.904 
2930 10 0.01 10 1.144 0.653 0.833 
2930 10 0.01 20 1.135 0.730 0.836 
2930 40 0.01 10 0.580 0.300 0.520 
2930 40 0.01 20 0.550 0.284 0.569 
2930 80 0.01 10 0.432 0.214 0.309 
2930 80 0.01 20 0.389 0.144 0.438 
6817 10 0.01 10 2.693 1.425 0.959 
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6817 10 0.01 20 2.607 1.061 0.961 
6817 40 0.01 10 0.265 0.152 0.976 
6817 40 0.01 20 0.246 0.112 0.979 
6817 80 0.01 10 0.061 0.035 0.931 
6817 80 0.01 20 0.074 0.054 0.898 
7121 10 0.01 10 1.678 0.710 0.917 
7121 10 0.01 20 1.867 1.015 0.897 
7121 40 0.01 10 0.385 0.242 0.929 
7121 40 0.01 20 0.409 0.295 0.920 
7121 80 0.01 10 0.423 0.174 0.917 
7121 80 0.01 20 0.416 0.155 0.920 
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Site Depth Batch RMSE MAE R2 
2930 10 32 1.144 0.664 0.833 
2930 10 64 1.114 0.684 0.842 
2930 10 128 1.124 0.669 0.839 
2930 10 256 1.136 0.680 0.835 
2930 40 32 0.561 0.303 0.552 
2930 40 64 0.832 0.631 0.013 
2930 40 128 0.632 0.388 0.431 
2930 40 256 0.651 0.410 0.397 
2930 80 32 0.486 0.313 0.125 
2930 80 64 0.430 0.190 0.315 
2930 80 128 0.403 0.160 0.399 
2930 80 256 0.467 0.281 0.191 
6817 10 32 2.646 1.047 0.960 
6817 10 64 2.708 1.333 0.958 
6817 10 128 2.677 1.364 0.959 
6817 10 256 2.656 1.170 0.960 
6817 40 32 0.274 0.177 0.974 
6817 40 64 0.320 0.254 0.965 
6817 40 128 0.336 0.245 0.962 
6817 40 256 0.256 0.116 0.978 
6817 80 32 0.062 0.037 0.928 
6817 80 64 0.087 0.068 0.860 
6817 80 128 0.774 0.769 -10.088 
6817 80 256 0.094 0.073 0.838 
7121 10 32 1.956 1.167 0.887 
7121 10 64 1.802 0.913 0.904 
7121 10 128 1.665 0.714 0.918 
7121 10 256 2.111 1.403 0.869 
7121 40 32 0.310 0.134 0.954 
7121 40 64 0.315 0.145 0.952 
7121 40 128 0.360 0.267 0.937 
7121 40 256 0.333 0.204 0.947 
7121 80 32 0.454 0.246 0.905 
7121 80 64 0.410 0.142 0.922 
7121 80 128 0.419 0.151 0.919 
7121 80 256 0.421 0.164 0.918 
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