
1 

NOVEL QUANTIFICATION OF LONG-TERM HYDROLOGICAL AND LANDSCAPE 
SPATIOTEMPORAL DYNAMICS OF COUPLED NATURAL HUMAN SYSTEMS: THE 

CASE STUDY OF THE TEMPISQUE-PALO VERDE NATIONAL PARK COASTAL 
WETLAND, COSTA RICA 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

By 
 

ALICE ALONSO 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
A DISSERTATION PRESENTED TO THE GRADUATE SCHOOL 
OF THE UNIVERSITY OF FLORIDA IN PARTIAL FULFILLMENT 

OF THE REQUIREMENTS FOR THE DEGREE OF 
DOCTOR OF PHILOSOPHY 

 
UNIVERSITY OF FLORIDA 

 
2017 



2 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

© 2017 Alice Alonso 



3 

ACKNOWLEDGMENTS 

For his relentless commitment to train and equip his students with the best tools 

and research skills, pushing and pulling them to deliver the best while providing support, 

encouragement and numerous opportunities, I thank my advisor, Dr. Rafael Muñoz-

Carpena. Beside instilling this notion of excellence, his interdisciplinary, multi-cultural 

and vibrant research group has been a unique and stimulating work environment in 

which I have learned and grown as a scientist. I had the opportunity to be driven by 

different research-related challenges, and exposed to innovative thoughts and practices 

that were rooted in solid science.  

For their unbounded guidance and inspiring personalities, I thank my supervisory 

committee members and the other mentors I have had the chance to work with and 

learn from during this PhD journey: Dr. Wendy Graham, Dr. Ray Huffaker, Dr. Mathieu 

Javaux, Dr. David Kaplan, Dr. Greg Kiker, Dr. Carolina Murcia, Dr. Vanclooster, and Dr. 

Arnoldo Valle-Levinson. They all contributed to the achievement of this dissertation and 

my evolution as a researcher.  

My affection for scientific research was born during the pursuit of my Master 

thesis under the supervision of Dr. Marnik Vanclooster. His appreciation for my work 

and encouragement were what helped propel me on the adventure of pursuing my PhD.  

The field work carried out at the Palo Verde National Park—the foundation of this 

dissertation—wouldn’t have been possible without the continuous support and tenacity 

of the Director of the Palo Verde Organization for Tropical Studies (OTS), Dr. Mahmood 

Sasa. The dedication and ethics he demonstrates for the people he manages and 

collaborates with, and for science in general, is an encouraging example of humanity 

and altruism.  



4 

The field work carried out at Palo Verde National Park and the associated data 

management would not have been possible nor nearly as fun without the diligent work 

and dedication by my friend Juan Serrano from OTS. Gracias Mae!  

I also thank the OTS administration for having provided continuous support to 

this project, and the OTS Palo Verde staff and the Palo Verde National Park SINAC-

MINEAT rangers – Ulises Chavaría, Chepe Torres, and all the others—for their help, 

support, and for providing endless and crucial information during the repetitive trips and 

field experiments. 

It is empowering to feel embedded in a borderless network of friendship and love 

that keeps growing and strengthening but doesn’t age. I want to thank all my friends 

from Belgium and the World, for the near and far support and above of all, friendship. 

Very special shout out to my truly fantastic and much loved Gainesville friends and 

family for riding this roller coaster with me in PhD World, during all the ups and downs 

and twists and turns. 

From the deepest part of my heart, thank you to my family, especially my 

parents. They equipped me with, and never fail to keep providing, a strong and stable 

foundation to build on, guided by love, honesty, diligence and care for others, deeply 

rooted while free to grow all the way to the United States. 

And I want to thank Eric. We both achieved such a big and encouraging 

milestone this year. It has been powerful and refreshing to be on his side all this time.  

 
 



5 

TABLE OF CONTENTS 
 
 page 

ACKNOWLEDGMENTS .................................................................................................. 3 

LIST OF TABLES ............................................................................................................ 8 

LIST OF FIGURES .......................................................................................................... 9 

LIST OF OBJECTS ....................................................................................................... 13 

CHAPTER 

1 INTRODUCTION .................................................................................................... 16 

Coupled Natural and Human Systems Research: Status and Challenges.............. 16 
Remote Sensing and Field Monitoring: Bridging the Spatiotemporal Data Gap ...... 19 
Case Study: The Tempisque watershed ................................................................. 21 

Bio-Physical Context and the Arenal-PRAT Project ......................................... 21 
The Palo Verde National Park Wetland ............................................................ 24 
Sustainable Management Challenges for Complex CNHs ............................... 26 

Research Framework, Hypothesis and Objectives ................................................. 28 

2 A HYDRO-METEOROLOGICAL AND ECOLOGICAL DATABASE TO 
UNRAVEL THE EFFECTS OF AN INTER-BASIN WATER TRANSFER 
PROJECT ON THE TEMPISQUE WATERSHED AND DOWNSTREAM PALO 
VERDE WETLAND ................................................................................................. 34 

Data Descriptor ....................................................................................................... 34 
Summary and Background ............................................................................... 34 
Methods............................................................................................................ 37 

Data collection strategy .............................................................................. 37 
Time series data ........................................................................................ 38 
Synoptic surveys ........................................................................................ 41 

Data Records ................................................................................................... 43 
Exploratory Analysis and Descriptive Statistics ...................................................... 44 

3 WETLAND LANDSCAPE SPATIO-TEMPORAL DEGRADATION DYNAMICS 
USING THE NEW GOOGLE EARTH ENGINE CLOUD-BASED PLATFORM: 
OPPORTUNITIES FOR NON-SPECIALISTS IN REMOTE SENSING ................... 51 

Materials and Methods............................................................................................ 56 
Study Area ........................................................................................................ 56 
Dataset Selection and Calculation of NDVI ...................................................... 58 

Landsat and MODIS images ...................................................................... 58 
Image sources on GEE for vegetation mapping ......................................... 60 

Implementation in GEE .................................................................................... 61 



6 

Trend Analysis .................................................................................................. 62 
Results and Discussion........................................................................................... 65 

Image Availability for the Tempisque watershed .............................................. 65 
Comparison and Evaluation of Image Collections ............................................ 66 
Trend Analysis .................................................................................................. 68 
Implications for the Tempisque Case Study ..................................................... 69 

Conclusions, Limitations, and Opportunities ........................................................... 70 

4 COUPLING GROUND MONITORING WITH MODIS TO FATHOM WETLAND 
WATER DYNAMICS AND RECONSTRUCT SPATIOTEMPORAL 
HYDROPERIOD HISTORY. ................................................................................... 91 

Materials and Methods............................................................................................ 97 
Study Site ......................................................................................................... 97 
Ground Measurements ..................................................................................... 98 
Satellite Data .................................................................................................. 100 
Candidate Spectral Indices ............................................................................. 101 
Spectral Algorithm Identification ..................................................................... 102 

Binary dry/wet classification for wetland hydric status ............................. 102 
Assessment of SI sensitivity to moisture state dynamics ......................... 103 

Sub-Wetland Hydroperiod Time Series and Multi-Temporal Maps ................. 104 
Analysis Software ........................................................................................... 105 

Results and Discussion......................................................................................... 105 
Water Level Time Series ................................................................................ 105 
MODIS Dataset Selection ............................................................................... 107 
Spectral Algorithm for Wet/Dry Wetland Hydric Status Detection ................... 107 
Spectral Index for Relative Wetness Degree Detection .................................. 109 
Multi-Temporal Maps and Aggregated Time Series ....................................... 109 

Conclusions .......................................................................................................... 111 
Methodological Findings ................................................................................. 111 
Implications for the PVNP Wetland ................................................................ 112 

5 PARADOXICAL EVIDENCE OF INCREASING FLOODING IN A COASTAL 
WETLAND CAUSED BY UPLAND OVERUSE AND DRYING OF A RIVER ........ 129 

Material and Methods ........................................................................................... 132 
Study Site ....................................................................................................... 132 
Data ................................................................................................................ 133 
River Discharge Transfer Functions Simulation ............................................. 134 
Signal Decomposition and Response to River Discharge Forcing ................. 137 

Harmonic analysis .................................................................................... 138 
Temporal change of subtidal and tidal signals ......................................... 139 

Estimation of Flooding Volume for Changing Water Levels............................ 140 
Results and Discussion......................................................................................... 142 

River Discharge Simulation ............................................................................ 142 
Relationship of River Discharge and Surface Water Elevation ....................... 143 

Harmonic analysis .................................................................................... 143 



7 

Temporal change in subtidal and tidal signals ......................................... 143 
Estimation of Flooding Volume for Changing Water Levels............................ 144 

Conclusions .......................................................................................................... 145 

6 CONCLUSIONS AND RECOMMENDATIONS ..................................................... 156 

Conclusions .......................................................................................................... 156 
Recommendations for Further Study .................................................................... 161 

Database Compilation for Tempisque and CNHs Comparative Studies ......... 161 
Multivariate Time-Series Analysis for Tempisque and CNHs Comparative 

Studies ........................................................................................................ 162 
Hydrodynamic Analysis of River – Tide – Wetland Interactions ..................... 163 
Integrated Management and Coupled Human – Hydroecological Model 

Development ............................................................................................... 164 
 
APPENDIX 

A EXPLORATION ANALYSIS AND DESCRIPTIVE STATISTICS OF 1952-1994 
ICE RIVER DISCHARGE DATASET .................................................................... 167 

B CORRECTION OF PRECIPITATION DATA FROM PALO VERDE STATION ..... 183 

C SUPPLEMENTARY MATERIAL FOR CHAPTER 4 .............................................. 184 

D SUPPLEMENTARY MATERIAL FOR CHAPTER 5 .............................................. 190 

LIST OF REFERENCES ............................................................................................. 191 

BIOLOGICAL SKETCH ............................................................................................... 205 

 
 



8 

LIST OF TABLES 

Table  page 
 
2-1 Description of the datasets composing the Tempisque database....................... 45 

3-1 Properties of image collections selected for NDVI calculation and mapping in 
the Tempisque case study. ................................................................................. 73 

3-2 Number of images available per collection over the study area.......................... 75 

3-3 Acquisition date and sensor origin of Landsat images used for the trend 
analysis on NDVIm. ............................................................................................ 76 

3-4 Results from the Mann-Kendall trend analysis and linear regression on 
NDVIm values for the month of December. ........................................................ 77 

3-5 Results from the Mann-Kendall trend analysis and linear regression on 
NDVIm values for the month of January ............................................................. 78 

4-1 Starting date and ancillary information of paired groundwater and surface 
water elevation stations. ................................................................................... 114 

4-2 MCD09 bands and layers used for wetland hydric status mapping and quality 
assurance. ........................................................................................................ 115 

4-3 Filter combinations tested for pixel-level quality screening. .............................. 116 

4-4 Table of confusion for the spectral algorithm used for wet and dry wetland 
status detection. ............................................................................................... 116 

6-1 List of suggested river discharge monitoring stations to be rehabilitated in 
order to ensure the continuity of the data collected by the ICE......................... 166 

A-1 Metadata for the Tempisque watershed river gauge stations. .......................... 170 

A-2 Descriptive statistics for the Tempisque watershed river discharge. ................ 171 

 
 



9 

LIST OF FIGURES 

Figure  page 
 
1-1 Map of the transformed Tempisque watershed and the Palo Verde National 

Park and wetland ................................................................................................ 31 

1-2 Pictures contrasting the PVNP wetland past and current state during the wet 
season. ............................................................................................................... 32 

1-3 Conceptual model of the human decisions and their hypothetic propagation 
along the hydrological network in the Tempisque watershed and the PVNP 
Wetland.. ............................................................................................................ 33 

2-1 Map of the monitoring stations in the Tempisque watershed and Palo Verde 
National Park. ..................................................................................................... 47 

2-2 Map of the monitoring stations in the Palo Verde National Park wetland. .......... 48 

2-3 Flow chart of the data collection strategy.. ......................................................... 49 

2-4 Location of the ADCP transects in the Tempisque and Bebedero rivers. ........... 50 

2-5 Location of CTD profiles along the Lower Tempisque River. .............................. 50 

3-1 Map of Tempisque watershed, PVNP and wetland, and the locations of 
gauge stations for past and current monitoring................................................... 79 

3-2 River network and polygon delineation for the Tempisque watershed case 
study, with a zoom on PVNP. ............................................................................. 80 

3-3 Screenshot of the GEE playground and its main features .................................. 81 

3-4 Flowchart of the steps implemented in the GEE API to obtain time series of 
spatially aggregated NDVI over a user-defined area. ......................................... 82 

3-5 Statistics of cloud cover for Landsat images....................................................... 83 

3-6 Time series of NDVI monthly maximum median values. .................................... 84 

3-7 Comparison of the NDVI monthly maximum median values generated from 
one set of satellite imagery as compared to another.. ........................................ 85 

3-8 Multi-temporal maps of NDVI values for Tempisque and Palo Verde National 
Park.. .................................................................................................................. 86 

3-9 Time series of NDVI monthly maximum median values over a subset of three 
polygons. ............................................................................................................ 87 



10 

3-10 Examination of the vegetation phenological stage at the December and 
January months selected for trend analysis.. ..................................................... 88 

3-11 Time series of spatially aggregated NDVI values for the month of December 
and for each polygon in 3-2, and linear regression on the median values.. ........ 89 

3-12 Time series of spatially aggregated NDVI values for the month of January 
and for each polygon.. ........................................................................................ 90 

4-1 PVNP and wetland in the context of the Tempisque watershed, including 
locations of water level monitoring wells ........................................................... 117 

4-2 Scale difference between point and remote sensing measurements.  .............. 118 

4-3 Flowchart of the method followed for the spectral index identification and 
wetland hydroperiod mapping........................................................................... 119 

4-4 15-minute water table elevation (WTE) and surface water elevation (SWE)) 
for the 6 monitoring stations ............................................................................. 120 

4-5 Wetland soil column profiles illustrating different phenomena controlling the 
soil top layer moisture content, and the corresponding detection by the 3 type 
of sensors used in this study... ......................................................................... 121 

4-6 Time series of spectral indices to evaluate the different MOD09 products and 
selected filters.. ................................................................................................. 122 

4-7 Effect of monthly average number of unmasked pixels for different MOD09 
products and filters. .......................................................................................... 122 

4-8 15-minute resolution ground water elevation (GWE) and surface water 
elevation (SWE), flagged with wet/dry status as detected with spectral 
algorithm.. ......................................................................................................... 123 

4-9 Comparison of normalized measured surface water elevation (SWE), and 
groundwater elevation (GWE) with the normalized spectral index NDI26.. ...... 124 

4-10 Comparison of normalized measured surface water elevation (SWE) at the 
monitoring stations CA01 and CA06 with the normalized spectral index 
NDI26.. ............................................................................................................. 125 

4-11 Maps of inter-annual averages and standard deviation of monthly averaged 
binary hydric status. .......................................................................................... 126 

4-12 Long-term time series for each sub-wetland of the estimated fraction of the 
area categorized as wet. .................................................................................. 127 

4-13 NDI26 time series of aggregated pixels for each sub-wetland.. ........................ 128 



11 

5-1 Conceptual representation of the hypothesis proposed in the study.. .............. 147 

5-2 The Tempisque river and Palo Verde National Park and wetland in the 
context of the Tempisque watershed. ............................................................... 148 

5-3 Results from rainfall-runoff model calibration.................................................... 149 

5-4 Harmonic constituent amplitudes (Amp) and phases (𝜙) in water level at 
PVCA02 station ................................................................................................ 150 

5-5 Comparison between measured and reconstructed water levels for water 
level measurements at PVCA02.. ..................................................................... 151 

5-6 Tempisque river water level at PVCA02 station, and the signal resulting from 
the series decomposition into its main constituents.. ........................................ 152 

5-7 Time course in the PVCA02 normalized simulated discharge, the amplitude 
of the dominant tidal constituents, and subtidal water levels r. ......................... 153 

5-8 Relationship between the change in normalized simulated discharge Q and 
the different water level components. ............................................................... 154 

5-9 Estimation of the effect of change in water level as compared to current level 
on annual flooding time and volume ................................................................. 155 

A-1 Time series of river discharge in the Tempisque watershed. Data from ICE.. .. 167 

B-1 Map of the gournwater monitoring wells installed by the JICA project in and 
around the PVNP. ............................................................................................. 172 

B-2 Water table elevation and surface water elevation in meters with respect to 
sea level measured manually from 9/2001 to 2/2004. ...................................... 173 

B-3 15-minute water table elevation and surface water elevation for the 6 
monitoring stations at the PVNP wetland.. ....................................................... 175 

B-4 15-minute water table elevation (WT, PVWL##) and surface water elevation 
(SW, PVCA##) for the 6 monitoring stations at the PVNP wetland, along with 
monthly manual measurements.. ...................................................................... 176 

B-5 Water level at PVWL02, PVCA11, and PVCA02 stations. ................................ 178 

B-6 Interpolated grid of specific conductance profile in the Tempisque river.. ........ 178 

B-7 Processed data from ADCP survey on Tempisque river: discharge and cross 
sectional wet area. ............................................................................................ 179 

B-8 Comparison of river discharge as measured by ADCP during a semi-diurnal 
tidal oscillation and variables measured by our river gauge station.. ................ 180 



12 

B-9 Average velocity with depth and time as measured with ADCP survey during 
a semi-diurnal tidal oscillation. .......................................................................... 180 

B-10 Results from chemical analysis on groundwater and drainage canals within 
and around the Palo Verde National Park wetland. Unit: mg/l. ......................... 181 

B-11 Variation of soil textural classes with depth at the monitoring sites.. ................ 182 

C-1 Cumulative rainfall at the Palo Verde meteorological station before and after 
the correction for instrument showing the systematic error. ............................. 183 

D-1 Photos contrasting same PVNP wetland areas during wet and dry season. .... 184 

D-2 Surface water levels with respect to ground surface elevation (ages) at CA01 
and CA06 stations.. .......................................................................................... 185 

D-3 Pixel-level NDI26 series after application of the alternative filters.. .................. 186 

D-4 Evaluation of the effect of MODIS sensor source, collection, and filter.. .......... 187 

D-5 Tested spectral indices against measured water level at the water table 
elevation monitoring well PVWL01.. ................................................................. 188 

D-6 Composite maps of inter-annual average and standard deviation of monthly 
averaged NDI26 . ............................................................................................. 189 

E-1 Comparison of the cumulative precipitation at PVRN01 and TWRN45 gauge 
stations for overlapping time span.. .................................................................. 190 

 
 



13 

LIST OF OBJECTS 

Object  page 
 
2-1 Time-lapse video of the Tempisque watershed. ................................................. 38 

2-2 Map of the monitoring stations in the Tempisque watershed embedded in a 
Google Earth project. .......................................................................................... 38 

3-1 Earth Engine script for NDVI calculation ............................................................. 61 

3-2 Videos of Landsat and MODIS images available for the study area.. ................. 66 

3-3 Videos of the Landsat images available in December and January for the 
study area.. ......................................................................................................... 69 

4-1 Videos of wetland hydric status. ....................................................................... 111 

 
 

  



14 

Abstract of Dissertation Presented to the Graduate School 
of the University of Florida in Partial Fulfillment of the 
Requirements for the Degree of Doctor of Philosophy 

 
NOVEL QUANTIFICATION OF LONG-TERM HYDROLOGICAL AND LANDSCAPE 

SPATIOTEMPORAL DYNAMICS OF COUPLED NATURAL HUMAN SYSTEMS: THE 
CASE STUDY OF THE TEMPISQUE-PALO VERDE NATIONAL PARK COASTAL 

WETLAND, COSTA RICA 

 

By 

Alice Alonso 
 

May 2017 
 

Chair: Rafael Muñoz-Carpena 
Major: Agricultural and Biological Engineering 

 
The 5,412 km2 Tempisque watershed in NW Costa Rica was significantly 

transformed in the late 1970’s through the addition of an inter-basin water transfer for 

hydropower generation and a large irrigation district. These changes ultimately 

impacted the Palo Verde National Park (PVNP) coastal wetland designated as a 

Ramsar site of international importance. This dissertation addresses the importance of 

advancing the knowledge of the governing processes, interactions, and long-term 

spatiotemporal dynamics of coupled human and natural systems (CNHs) such as the 

Tempisque watershed and PVNP to inform management strategies that reconcile the 

human and natural needs. We compiled a novel long-term public database of 

hydrological, meteorological, and land cover data for the watershed and the PVNP 

wetland. We showed that the combination of the recent open-access data policy for pre-

processed satellite archives such as Landsat and MODIS, the new cloud-base Google 

Earth Engine (GEE) platform, and affordable field monitoring sensors generates 
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unprecedented opportunities to readily build custom and high-frequency long-term time 

series data to document changing ecosystem dynamics in CNHs studies. To examine 

land cover history, we reconstructed aggregated Normalized Difference Vegetation 

Index (NDVI) monthly time series from Landsat and MODIS imagery with GEE and 

detected an increased vegetation greening in the entire watershed and wetland. We 

used our ground monitored water level data to define a spectral index for wetland hydric 

status detection, and used it to reconstruct a 2000-2016 wetland hydroperiod biweekly 

time series from MODIS images. The outcomes allowed a novel and important insight 

into the PVNP wetland hydrology and its connections with the surrounding rivers and 

agricultural district. Finally, we hypothesized and found strong support for the theory 

that the detected long-term decrease in the Tempisque river discharge caused by 

excessive water withdrawal leads to an increased flooding in the wetland. River 

discharge attenuates the tidal cycle and thereof reduces the frequency of tidal flooding. 

The discovery of this relationship has important implications for the PVNP wetland and 

many coastal systems worldwide. The results of this dissertation and recommendations 

for further studies are pioneering a larger research effort to untangle this CNH’s 

complex processes and inform sustainable management.  

 



 

16 

CHAPTER 1 
INTRODUCTION 

Coupled Natural and Human Systems Research: Status and Challenges 

During the last century, humans have been exerting increasing pressure on 

natural resources through directly utilizing them, converting land cover to access them, 

and engineering infrastructure to process and relay these resources as the demand for 

food, fresh water, fiber, and energy grows exponentially. These activities have 

supported a significant improvement of human well-being and economic development 

(American University Law Review, 2001; Millennium Ecosystem Assessment, 2005a). 

However, the benefits have been gained at growing costs for the natural world—in the 

form of substantial and sometime irreversible biodiversity loss and the considerable and 

increasing degradation of many of the world’s ecosystem functions and services such 

as climate regulation, water supply, food production, and cultural fulfillment (Daily, 1997; 

Millennium Ecosystem Assessment, 2005b). Unexpected and unintended 

consequences result from fragmented resource management based on a limited and 

isolated set of objectives. While actions are taken to increase the benefits of some 

ecosystem services, sometimes these changes can result in the loss of other services, 

and often some groups of people or regions (often those of lower socioeconomic status 

or in developing areas) bear an inequitable portion of the damage caused by these 

changes. This unjust burden can lead to social inequalities and conflicts, and threatens 

the ability of affected ecosystems to support their services for future generations (Poff et 

al., 2003). To ensure more sustainable resource management, it is broadly recognized 

that coupled natural and human systems (CNHs) – the systems in which human interact 
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with natural components – need  to be managed in a more holistic approach (Carpenter 

et al., 2009; DeFries and Eshleman, 2004; Olsson et al., 2004; Sivapalan et al., 2012).  

Such sustainable integrated management is challenging to conceive and 

implement because of the inherent complex nature of CNHs, which impedes complete 

understanding of their governing processes and dynamics, and results in difficult to 

predict management outcomes. The natural, social, and economic components of 

CNHs form a complex network of numerous interconnected parts (Amaral and Ottino, 

2004; McCluney et al., 2014) into which multiple stakeholders of competing interest are 

involved, and exhibit three major characteristics (Liu et al., 2007): (i) their interactions 

form a succession of feedback processes controlling the system status and dynamics 

across spatio-temporal scales, i.e. over shorter or longer time periods, with slower or 

faster response, and with local to global influences; (ii) many of the governing 

relationships are often nonlinear, i.e. with accelerating or abrupt changes; and (iii) 

unexpected new properties often emerge from the interactions of the different parts (Liu 

et al., 2007; Ottino, 2004). Although a complete understanding is impossible, the 

prediction accuracy can be improved by reducing two major sources of uncertainty: 

knowledge uncertainty and  intrinsic variability uncertainty (Ascough et al., 2008). The 

knowledge uncertainty is related with the understanding of the processes and 

phenomena across spatio-temporal scales and across disciplines. Additional research 

and empirical analyses with high-quality and representative data can help reduce this 

type of uncertainty and help design, calibrate, and test predictive, robust models. The 

Millennium Ecosystem Assessment (Millennium Ecosystem Assessment, 2005a) 

concluded that insufficient scientific knowledge of CNHs, and the use of inadequate 
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data, remained a significant barrier to inform sustainable management of CNHs. The 

second major source of uncertainty is linked with the inherent dynamics and variability 

present in CNHs. The understanding of these dynamics and the separation of this 

variability from the other processes in the system response is critical to better inform 

CNHs management, although this type of knowledge is still rare (Ascough et al., 2008; 

Olsson et al., 2004). The fact that the fluctuation of the natural system cannot be 

assumed stationary anymore due to the changing climate and human activities (Milly et 

al., 2016) makes it even more challenging. Therefore, the understanding of CNHs 

requires the study of a system’s long-term spatiotemporal history to identify trends, 

disentangling the effects of human disturbances from the natural low frequency internal 

variability such as El Niño Southern Oscillation (ENSO), and continuous monitoring of 

the selected variables to keep track of the ongoing changes (Milly et al., 2016). In 

addition, these studies should produce and implement more detailed datasets to 

understand the processes governing each component of the CNHs and the component 

interactions. High resolution and quality data are also crucial to detect and quantify the 

magnitude of an environmental problem that needs to be addressed, to support the 

definition and evaluation of alternative management decisions, and to define 

appropriate criteria to evaluate their performance. However, data availability, resolution, 

and quality are often a limiting factor. In their review of current research needs and gaps 

in the study of CNHs dynamics, Carpenter et al. (2009) highlighted these high priority 

areas, some of which we will address in our study: (i) the common absence of 

appropriate baseline and contemporary data to allow a thorough evaluation of the effect 

of human actions on ecosystem services; (ii) the scarcity of long-term continuous 
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datasets about the extent and trends of social-ecological processes and land-use, which 

impedes trend analysis and hence the study about the relationship between social-

ecological variables; (iii) the understanding of nonlinear and abrupt trends;  (iv) the need 

of long-term research and improved monitoring; (v) the importance on grounding 

concept and theories in observations; (vi) the need of core global datasets, among 

which the information on long-term change in land cover and land use (LCLU), spatial 

patterns and changes in freshwater quality and quantity, for both surface and 

groundwater. LCLU and its hydrological impact has been identified also as a major 

issue for the 21st century (DeFries and Eshleman, 2004). 

Remote Sensing and Field Monitoring: Bridging the Spatiotemporal Data Gap  

With more than 40 years of global multi-spectral Earth land cover imagery, 

remote sensing provides a unique window into the past to reconstruct the status and 

dynamics of ecosystems and LCLU at a global scale. Although remote sensing archives 

are recognized as a one of the major sources for change detection in large-scale 

systems (e.g. Boyd and Danson, 2005; Cohen and Goward, 2004; Hansen et al., 2013; 

Kennedy et al., 2010; Lu et al., 2004), there are few examples of interdisciplinary CNHs 

studies that integrate history dynamics information. This is likely a result of several 

barriers that have hindered the use of the remote sensing archive for these purposes. 

The first obstacle is the numerous technical steps required to process remote sensing 

images from their acquisition to the extraction of the real system information. Other 

major obstacles are the cost of images and the need for high speed and capability 

computing equipment needed to work with the processed images. Therefore, most 

remote sensing studies focus on spatial patterns, and remote sensing environmental 

studies incorporating temporal patterns and dynamics are mainly based on a small 
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number of cloud-free images which are at relatively long temporal intervals, hence 

losing information about the system’s dynamics in between the selected time points 

(Kennedy et al., 2014). There have been two important changes in remote sensing for 

CNHs in the last decade. Several processed image archives became available cost-

free, including Landsat (Woodcock et al., 2008), Advanced Very High Resolution 

Radiometer (AVHRR) (Tucker et al., 2005), and Moderate Resolution Imaging 

Spectroradiometer (MODIS) (Justice and Townshend, 2002). The computing resources 

needed to analyze these images also became progressively more affordable, which 

allowed the acquisition and analysis of a larger volume of satellite images. The removal 

of the technical and financial barriers spurred the use of remote sensing to inform data-

driven environmental and ecological science. However, the complicatedness for data 

access and the huge amount of data involved when looking at multi-temporal images for 

large scale systems still remained a limiting factor to analyze them due to the 

processing loads, time and cost (Lu et al., 2004). The new Google Earth Engine (GEE) 

platform (Google, 2015), employed in this dissertation, is a current innovation that helps 

overcome some of these obstacles and elevate the remote sensing database 

exploration to a new level. This geoprocessing cloud-based platform provides a central 

repository for petabytes of publicly available remotely sensed and ancillary data and 

couples it with an application programming interface (API) that features a wide range of 

algorithms to perform and visualize geospatial analysis remotely on Google’s 

computational infrastructure. The comprehensive and flexible platform and the 

computational power and speed gained with the parallelization of operations opens 

limitless possibilities for advanced analysis (e.g. Alonso et al., 2016; Donchyts et al., 
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2016; Hansen et al., 2013), and allows the production of customized datasets or time 

series from remote sensing data banks. This progress can encourage the integration of 

remotely sensed information within a comprehensive dataset to investigate slow or 

abrupt changes, and explore causal relationships governing CNHs across space and 

time.  

Another major challenge for remote sensing is the reliability and resolution of the 

collected data, especially with passive sensors such as those aboard Landsat and 

MODIS spacecraft. Remote sensing data should be coupled with field data to calibrate 

and validate the images, and to capture phenomenon that occur at a finer spatio-

temporal scale and resolution (Cohen and Goward, 2004; Lu et al., 2004). The 

capabilities of the GEE to extract information along with the increasing number of 

affordable technologies for environmental measurement on the market should facilitate 

this process.  

Case Study: The Tempisque Watershed  

Bio-Physical Context and the Arenal-PRAT Project 

Here, we use the Tempisque watershed situated in NW Costa Rica as a case 

study for complex CNHs. This watershed is on the Pacific side of the country, and is 

bordered by the Cordillera Tilarán mountain range on the east side and the Gulf of 

Nicoya at the Southern outlet (Figure 1-1). The Tempisque river drains a 5,412.3 km2 

area, of which 2,050.2 km2 is drained by the Bebedero river that converges with the 

Tempisque river at the basin outlet. The region is ruled by a tropical wet/dry climate. 

The annual temperature average is 26.7±1.2ºC with little spatiotemporal variability.  The 

average annual precipitation varies by location, with the lower limit being around 1200 

mm in the central part to until 2800 at summit of the bordering mountain range. The wet 
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season is from May to November, and there is a mid-summer drought—a period of 

reduced rainfall in July and August (Waylen and Quesada, 2002)—locally referred to as 

Veranillo de San Juan. Maximum precipitation in most of the watershed during the dry 

season varies spatially between 0 and 150 mm and up to 500 mm in the mountain 

summit. (Jiménez and González, 2001). The region is affected by the El Niño-Southern 

Oscillation (ENSO), which results in a high inter-annual variability in climatic events, 

with increased precipitation and flooding events during cold years, and extended 

drought during warm years (Waylen and Laporte, 1999; Waylen and Quesada, 1996; 

Waylen et al., 1996). This seasonal and inter-annual variability makes water a critical 

resource in this region.  Historically, these extreme weather conditions impeded the 

diversification of economic activities. The primary economic activity in this area was 

cattle farming, and with minimal crop production. In the late 1970, an inter-basin water 

transfer project for hydropower generation and agricultural irrigation was built. An 

artificial lake containing 1,500 million m3
   water was created from the Arenal river on the 

Caribbean slope of the Tilaran mountain chain. This water is transferred within the 

Tempisque basin on the Pacific side, and cascades through a series of 3 hydroelectric 

plants with a total design capacity of 157.5 MWh (Coto, 2001; Jiménez et al., 2001). 

The average annual water transfer in 2011 was estimated at 1,500 million m3, thereby 

doubling the amount of water naturally present in the system (SENARA, 2011). After the 

Arenal water cascades through the power plants and retention reservoirs, about 66% of 

the water is routed through 2 main canals for the Arenal Tempisque Irrigation Project 

(PRAT in Spanish): Canal Oeste and Canal Sur with a discharge capacity of 55 m3/s 

and 35 m3/s respectively (Figure 1-1). The remaining 33% is poured into the natural 
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river network (SENARA, 2011). The PRAT project was developed with the following 

aims: to (i) decouple the area from its dependence on the prevailing harsh climatic 

conditions; (ii) generate employment and redistribute income; (iii) increase agricultural 

productivity; (iv) promote regional development through agricultural, industrial, and 

service sectors; and (v) contribute to the country’s economic development with the 

export of fresh and manufactured products (Cover, 2008). Water is distributed via a 

network of irrigation canals that was expanded in three phases and currently supplies 

water to more than 40,000 ha of agricultural land (Edelman, 1987; Jiménez and 

González, 2001; Zuñiga, 1993). The PRAT project, along with some progressive 

changes economic landscape and the positioning of Costa Rica on the international 

market, led to a progressive switch from extensive cattle grazing to an intensively 

irrigated system (Jiménez et al., 2001) characterized chiefly by monocultures of rice and 

sugar cane for export. The additional water also facilitated the construction of large 

tilapia farms that continuously run more than 50% of the transferred water through a 

total surface of approximately 155 ha  before releasing the water in the irrigation and 

river network (Hazell et al., 2001; SENARA, 2011).  

Despite the transfer of water from the lake Arenal, water shortage related issues 

remain a central concern in the region (Convertino et al., 2016; Murcia et al., 2016). 

Rivers and ground water bodies are being withdrawn by farm industries, expanding rural 

and urban centers, and increasing tourism activities, with little oversight (Cover, 2008; 

Jiménez et al., 2001), despite the established evidence of declines in river discharge 

and the subsequent ethical and environmental concerns of many stakeholders (Calvo 

Alvarado et al., 2008; Guzmán-Arias, 2012). This will likely be exacerbated by climate 
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change, as all the models by the Intergovernmental Panel on Climate Change (IPCC) 

agree on a predicted average increase in temperature and decrease in precipitations in 

the Pacific Coast of Central America (Magrin et al., 2007). Despite its initial objective, 

the PRAT project chiefly benefits the big exploitations of sugar cane, rice and 

aquaculture (Murcia et al., 2016). The water from the irrigation network have also been 

impacting some wetlands in the lower portion of the catchment (Daniels and Cumming, 

2008) and streamflow alteration has been shown to threaten the composition of aquatic 

life (Calvo Alvarado et al., 2008; Moellendorf, 2009).  

The Palo Verde National Park Wetland 

The Palo Verde National Park (PVNP) coastal wetland situated in the 

downstream part of the catchment (Figure 1-1), has undergone severe modification 

during the past decades. The Palo Verde wetland is a Ramsar site of international 

importance (1971, http://ramsar.org). It is considered a site of high ecological value and 

an important habitat for thousands of waterfowl and migratory birds. The PVNP wetland 

has shifted from being a predominantly heterogeneous landscape of open water with 

floating and low emergent vegetation to a system dominated by monotypic stands of 

dense cattail (Typha domingensis) (Figure 1-2) (Trama et al., 2009). This aggressive 

plant has altered the abiotic and biotic conditions of the ecosystem, resulting in a 

decrease in species diversity and richness, the loss of avian habitat, and a concomitant 

significant loss of bird population (Adair et al., 2012; Calvo Alvarado and Arias, 2006; 

Guzmán Álvarez, 2007; Osland et al., 2011a; Trama, 2005; Trama et al., 2009). Some 

areas in the wetland have also been encroached by Palo Verde trees (Parkinsonia 

aculeata), and the woody shrub zarza-bush (Mimosa pigra) (Sasa et al., 2015).   

http://ramsar.org)/
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 Local natural resources managers and scientists have attributed the cattail 

invasion to a variety of internal and external factors, including the reduction of cattle 

grazing and prescribed fire after the area became a designated National Park, cattail 

hybridization, increased nutrient and sediment inputs from the upland agricultural 

irrigation district, and an altered hydroperiod caused by releases from the Arenal inter-

basin water transfer. However, the causes of cattail expansion remain unclear, and 

none of the aforementioned hypotheses have been tested and verified. Although studies 

have examined and described certain aspects of the PVNP wetland fauna, flora, and 

hydrology, there is limited knowledge of the system as a whole. The available studies 

provide insufficient data for a quantitative evaluation of the long-term changes that 

occurred (Calvo Alvarado and Arias, 2007; Trama et al., 2009). While there are 

assumptions about the hydrological connections of PVNP with the surrounding 

watershed and the Gulf of Nicoya, and the relationships of these connections with 

natural and anthropogenic processes, there is limited empirical data to support these 

theories. Several internal restoration strategies have been implemented to limit cattail 

expansion and re-create open water areas, including the unsuccessful reintroduction of 

cattle grazing and mechanical cattail removal. The latter technique, which involves the 

use of specialized tractors to crush and submerge cattail, leads to successful short-term 

results (Trama et al., 2009), but the cleaned open water patches eventually become 

dense cattail stands again over time, typically 3-5 years.  

The ecological degradation of the PVNP is representative example of many 

cases of coastal wetlands degradation worldwide. Wetlands and coastal systems are 

threatened by climate change, changing land use and hydrology, sea level rise, and 
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increased nutrient loads (Finlayson CM & Spiers AG (eds), 1999; Millennium Ecosystem 

Assessment, 2005c). These factors have direct consequences on the numerous 

functions and services of wetlands, including wildlife habitat and biodiversity hotspot, 

water cleaning, water fluxes regulation and flood control, coastal protection, and climate 

regulation (Mitsch and Gosselink, 2000). Wetland ecosystems are strongly connected 

with the surrounding landscape and the sea (Olsson et al., 2004), but their function and 

importance are often largely ignored in water resources and land development 

programs (Millennium Ecosystem Assessment, 2005c).  

Sustainable Management Challenges for Complex CNHs 

Several strategies are being tested by local and national institutions worldwide to 

cope with environmental and water reliability issues, such as the extension of irrigation 

networks and the creation of dams to allow the regulation of the water supply year-long 

and hydro-energy supply. These different initiatives are formulated with a reduced set of 

objectives in mind and often without considering the cascading short and long-term 

effects on other components and stakeholders (Carpenter et al., 2009; Poff et al., 2003; 

Vorosmarty et al., 2010). For example, upstream water users can deplete storage and 

impair water quality for downstream users and ecosystem (e.g. Levy, 2003),  and 

damming a river modifies the water level, fluxes and temperature seasonal variation, 

which in turn causes species extirpations and replacements (Poff et al., 2003; Poff and 

Schmidt, 2016). 

For the case of Tempisque, Cover (2008) identified that actions at the legal and 

institutional level could be enacted to create a stronger coherence and coordination, 

and a common vision between the different parts involved in the management of the 

resources. Additionally, we found that the knowledge about the surface and 
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groundwater dynamics and hydrological processes governing the watershed, the PVNP 

wetland and the tidal rivers at the interface between the watershed and the Gulf of 

Nicoya is still very limited. To our knowledge, a hydrologic model to explain and predict 

the natural and human-disturbed river discharge spatiotemporal dynamics is inexistent. 

The hydrology of a portion of the PVNP wetland – the Palo Verde laguna; about 15% of 

the total wetland protected area in the PVNP – has been studied through a couple of 

short-term (3 years) water level monitoring stations that measured the water level at one 

location in the wetland and the main runoff input sources. These data have been used 

to estimate the water budget components (Calvo Alvarado and Arias, 2007). However, 

the hydrology of the rest of the wetland, and the long-term changes in hydrology all 

together remain uncharacterized. Additionally, although the surrounding Tempisque and 

Bebedero tidal rivers are known to contribute to the wetland hydroperiod through some 

occurrences of riverbank overflow, the frequency and magnitude of these flooding 

events have never been measured nor characterized. This also applies to the 

surrounding irrigation network whose drainage waters are denounced to flow within the 

PVNP wetland, although this has never been formally established nor quantified. 

Nonetheless, understanding and highlighting the connection of the wetland to the 

surrounding landscape and the Gulf is crucial for an informed sustainable management.  

The sustainable management intricate faced by policy makers in Tempisque is 

larger and common to all CNHs worldwide: the inherent complexity of wetlands and 

watersheds impedes a complete understanding of the system and thereby hinders 

accurate understanding of current and future impacts of management decisions on 
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these ecosystems. One of the challenges is to reduce the sources of uncertainty to 

better anticipate CNHs trajectory and adjust their management (Carpenter et al., 2009). 

Research Framework, Hypothesis and Objectives 

The overarching goal of this dissertation is to start consolidating and advance the 

knowledge about the watershed’s current hydrological state and history, and to pioneer 

a larger effort to untangle this CNH’s complex processes in order to inform sustainable 

management strategies that can reconcile the needs of humans and natural systems. 

The dissertation objectives rely on two major underlying assumptions. The first 

assumption is that uncertainty on the model outcomes for the evaluation of alternative 

scenarios of LCLU and water resources management can be reduced by deepening the 

knowledge about the processes governing the different components of the basin and 

their interactions, from local to global scales and in the context of multiple drivers. 

Therefore, there is a need of (i) long-term historic data to study the natural and human 

dynamics, establish causal relationships, and identify changes; (ii) detailed 

contemporary data and continuous monitoring to design and calibrate predictive models 

in adaptive fashion, and detect any unwanted emerging properties (Ascough et al., 

2008; Carpenter et al., 2009; Milly et al., 2016). The second assumption is that due to 

its location at the basin outlet, the PVNP wetland is prone to the influences by the long-

term natural dynamics and human disturbances in the watershed and by the Gulf of 

Nicoya (Figure 1-3), and that those influences should be understood and characterized 

when questioning the observed modifications in the ecological composition. 

The dissertation addresses the gaps in the spatio-temporal data and current 

understanding of spatio-temporal history of the LCLU and hydrology in the Tempisque 

watershed, the PVNP wetland and the lower Tempisque and Bebedero tidal rivers at the 
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interface between the Gulf of Nicoya, the watershed and the wetland. LCLU and 

hydrology are considered as key components of the study system because of the high 

vulnerability of the region to water resource availability, and because water is an 

integrator of the past and future human actions and climate variability and changes, and 

is a vector of those changes. The water system is interconnected through surface and 

sub-surface storages and fluxes, and all processes are cascading in an upstream-

downstream direction to converge at the basin outlet. On the other hand, LCLU has 

determining impacts on hydrologic regime. Hydrology has also fundamental application 

for the PVNP wetland as the wetland hydroperiod – defined here as “The periodic or 

regular occurrence of flooding and/or saturated soil condition” (Marble, 1992) – is the 

primary driver of wetland vegetation and function (Mitsch and Gosselink, 2007). 

Therefore, it is crucial to quantify the dynamics of the water inputs and outputs defining 

the PVNP wetland’s hydroperiod, to characterize the hydrological connections between 

the wetland and the watershed, and to investigate the wetland hydroperiod long-term 

changes.   

Based on the aforementioned gaps in knowledge about the representative CNH 

system selected for this study, we pose the following hypotheses (H1-H4) that we 

propose and test in this dissertation: 

H1. The Tempisque watershed is experiencing a long-term change in LCLU since the 
introduction of the hydropower – PRAT project; 

H2. Since the introduction of the hydropower – PRAT, the PVNP wetland is 
experiencing a long-term change trend in land cover characterized by the closure 
of open water spaces during the wet season (“wetland greening”); 

H3. Beyond local precipitation influence, the PVNP wetland hydrology is significantly 
influenced by the surrounding rivers and the surrounding irrigated agricultural 
area; 
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H4. The decrease in the Tempisque river discharge (Guzmán-Árias, 2014) changed 
the dynamics and intensity of the tidal influence on the river reach, which also 
impacts wetland hydrology by increasing the frequency and intensity of river 
flooding.  

To test these hypotheses, we formulate the following specific research 

objectives of this dissertation: 

Obj. 1 Implement a data collection effort to compile a public long-term database 
consisting of (i) audited and standardized hydrological, meteorological, and LCLU 
data from existing datasets collected from local and external institutions; (ii) high 
spatio-temporal resolution data from a new field monitoring network in the PVNP; 
and (iii) data from remote sensing technologies (Chapter 2). This will serve as the 
foundation for testing H1-H4 

Obj. 2 Investigate the potential of Landsat and MODIS open-access satellite imagery to 
document and study the long-term land-cover change in the study area using the 
recent cloud-base Google Earth Engine (GEE) platform and use this case study 
to illustrate the opportunities provided by the GEE for non-experts in remote 
sensing to leverage the wealth of satellite imagery information (Chapter 3). This 
will serve to test H2. 

Obj. 3 Couple the 2000-2016 daily MODIS imagery and our water-level instrumentation 
network to determine the PVNP wetland hydroperiod and its drivers, and to 
hindcast the hydroperiod spatiotemporal dynamics from 2000 until 2016 (Chapter 
4). This will serve to test H3. 

Obj. 4 Assess the effect of changing discharge in the Tempisque river on tide 
propagation upriver, and on how this influences the PVNP wetland hydrology 
(Chapter 5). This will serve to test H4. 

The materials and methods used to meet these objectives, and the results and 

conclusions are described in the following chapters. A conclusion Chapter 6 

summarizes the findings, significance and broader implications of this dissertation. 
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Figure 1-1. Map of the transformed Tempisque watershed and the Palo Verde National 

Park and wetland. Engineered infrastructure implemented for hydro-power 
generation and PRAT project are also indicated. 
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Figure 1-2. Pictures contrasting the PVNP wetland past and current state during the wet 
season. It highlights the encroachment of vegetation and Typha domingensis 
(cattail), closing the patches of open water and reducing biodiversity and sites 
for birds feeding and nesting. A) Photo taken in 1986 (Photo credit: OTS 
archive). B) Photo taken in 2012 (Photo credit: Dr. Carolina Murcia).  
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Figure 1-3. Conceptual model of the human decisions and their hypothetic propagation 
along the hydrological network in the Tempisque watershed and the PVNP 
Wetland. 1. Hydropower production; 2. Water release rules from the 
hydropower plant to the natural system and the irrigation network; 3. Irrigation 
water releases in the natural system; 4. Sub and surface water withdrawal 
allocations (volume and time); 5. Agricultural practices (crop schedule, crop 
type, irrigation practices). 
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CHAPTER 2 
A HYDRO-METEOROLOGICAL AND ECOLOGICAL DATABASE TO UNRAVEL 
THE EFFECTS OF AN INTER-BASIN WATER TRANSFER PROJECT ON THE 
TEMPISQUE WATERSHED AND DOWNSTREAM PALO VERDE WETLAND 

Data Descriptor 

Summary and Background 

The 5,412.3 km2 Tempisque river watershed in the Guanacaste province of NW 

Costa Rica is known for its high ecological value, for its highly productive agricultural 

activities, and for its harsh climate alternating between a very wet and a very dry 

season, which exposes it the region to water scarcity issues and subsequent socio-

environmental conflicts (Jiménez et al., 2001). The region is also known for its rapid 

transformation in the late 1970s due to the implementation of an inter-basin water 

transfer project for hydropower generation and agricultural irrigation. The water is 

transferred from the artificial lake Arenal in the Caribbean versant of the Tilaran 

mountain to within the Tempisque basin from, and cascades through a series of three 

hydroelectric plants with a total design capacity of 157.5 MWh (Coto, 2001; Jiménez et 

al., 2001). This translates into an average annual water transfer of 1,500 million m3, 

doubling the amount of water naturally present in the system (SENARA, 2011). After it 

cascades through the power plants, part of the water is used for the Arenal Tempisque 

Irrigation Program (known as PRAT in Spanish) that attempted to decouple the region 

from its dependency to the prevailing unreliable weather conditions. The water is 

distributed via irrigation canal network that nowadays supplies water to more than 

40,000 ha of agricultural lands, which mainly produce sugar cane and rice for export, 

and to approximately 150 ha of  tilapia farms (Edelman, 1987; Hazell et al., 2001).  
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Although this hydropower – irrigation project has been quite successful, 

producing 12% of the total electricity of the country and allowing the establishment of a 

high-yield agricultural model, these successes come with a cost (Edelman, 1987; 

Jiménez et al., 2006). Despite the water-transfer, the intensification and expansion of 

the agriculture sector in rural areas along with the sharp increases in population and 

rapid growth of urban centers has resulted in uncontrolled water withdrawal in rivers and 

groundwater for irrigation, agro-industry and domestic consumption (Cover, 2008; 

Guzmán-Árias, 2014; Jiménez et al., 2001). The collapse of the cattle farming industry 

ensuing the switch in economic model resulted in the encroachment on abandoned 

pastured land by forests (Alonso et al., 2016a; Cover, 2008; Daniels and Cumming, 

2008; Guzmán Álvarez, 2007), and the intensification of the agricultural activities led to 

classical cases of soil degradation and erosion, and the release of sediments and 

agrochemicals in the natural system (Arriagada, 2007; Jiménez, 2001; Pérez-Castillo, 

2011). These disturbances, exacerbated by the fast-growing tourism industry and 

increased water demand in the coast (Cover, 2008), has led to social inequalities and 

environmental degradation. Probably the most notorious case is the encroachment of 

the internationally recognized seasonal Palo Verde National Park (PVNP) coastal 

wetland by invasive vegetal species and the subsequent decrease in biodiversity 

richness and abundance, and degradation of the habitat for local and migratory 

waterfowl (Trama et al., 2009).  

As many engineered projects in that time, the hydro-power and irrigation project 

was designed and operated to address a limited set of objectives leading to emerging 

properties and unintended consequences. To better predict the implications of 
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management decisions and inform policy making, it is essential to characterize the 

system status, reveal its historic trajectory, and identify the driving factors and the 

cause-effect relationships. A multi-variable time series dataset monitoring important 

system drivers is an indispensable asset to reach that goal. Time series data encode 

the history of a system, and can serve in unravelling the complexity intrinsic to coupled 

natural and human systems. In addition, properly designed contemporary data 

collection plans can deliver detailed information about the mechanisms underlying the 

system’s behavior and linking the different parts. A challenge for this area is the relative 

scarcity of baseline data, and the existing data being scattered among different 

institutions and in different formats. Additionally, the access to those existing data is 

often impeded by institutional and governance obstacles. To date, some datasets 

remain privately owned and considered as potential economic-leveraging tools. We 

advocate for data to rather be regarded as a tool to support and advance efficient and 

sustainable management of coupled human and natural systems.  

In a partnership with the Organization for Tropical Studies (OTS, www.ots.ac.cr), 

we underwent a substantial data collection effort and compiled a unique database of 

baseline and contemporary hydrologic, meteorological and land use data from public 

repositories, private institutions, remote sensing databases, and a high spatio-temporal 

resolution instrumentation network in the downstream PVNP wetland. We focused on 

this wetland because of the ecological degradation it has experienced, and its location 

in the downstream portion of the watershed, which makes it particularly vulnerable to 

the upstream pressure that propagates down the catchment with water fluxes. 

Therefore, we consider this wetland as an integrative indicator that reflect on the 
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watershed management practices. We also deployed measurement surveys to start 

documenting the tidal segments of the Tempisque and Bebedero rivers. Such 

information was important because of the complex interactions existing between the 

watershed, the Gulf of Nicoya, and the PVNP wetland through the rivers and the 

materials they carry flowing down the Gulf, the tidal propagation and salinity intrusion 

upriver, and the tidal segment of the rivers substantially influencing the wetland 

hydroperiod (Chapter 4). We standardized and centralized data from synoptic survey on 

the online digital repository figshare, and the time series data on the UF-Hydrobase web 

server featuring visualization and descriptive calculation tools, and allowing for easy 

access and downloading capabilities.  

This database is not nearly comprehensive, but it can serve as an informative 

reference documenting some of the key parts of the Tempisque watershed and Palo 

Verde National Park Ramsar wetland. Our goal is that it is a starting point that other can 

contribute to so it can serve as a catalyst for research and allow well-informed, data-

driven management decisions. We are also hoping that the publication of this database 

will incentivize the release of more data by institutions, and that it will inspire a shift 

towards the institutionalization of the data collection and management effort.   

Methods 

Data collection strategy 

Our database aggregates hydrologic, meteorological, land use and land cover 

data spatially distributed across the Tempisque watershed and Palo Verde National 

Park (Figure 2-1; Object 2-1; Object 2-2). The data were collected from local institutional 

archives and local contacts, by an instrumentation network within the PVNP and by one-

off monitoring missions, and composited from the satellite imagery (Table 2-1). We 
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designed and managed the instrumentation network in partnership with the 

Organization for Tropical Studies that has an on-site research station. At the date of this 

publication, our instrumentation network in PVNP is still operating and the data are 

being continuously incorporated into a dynamic mirror-database. Data from synoptic 

surveys are hosted in figshare (www.figshare.com), an online digital repository that 

allows to store and share research outputs.  

Object 2-1. Time-lapse video of the Tempisque watershed featuring the timespan at 
which each monitoring station was operating, highlighting the temporal 
overlaps and disconnects.   

Object 2-2. Map of the monitoring stations in the Tempisque watershed embedded in a 
Google Earth project.    

Time series data 

River discharge data. We retrieved daily discharge data from 15 gauge stations 

from annual reports released by the Instituto Costarricense de Electricidad (Figure 2-1). 

We digitized these data manually as they were in paper format. The data cover variable 

time spans between 1952 to 1994. Data after that date are not public record and require 

special request and authorization of use.  

Dam release. We acquired discharge data from the dam release after the water 

cascades through the 3 hydro-electric plants from the SENARA. The water at this 

location is distributed between the two primary irrigation channels and the Magdalena 

river. Data are from 2002 to 2015, at a resolution from 3 times per day to hourly. More 

recent data could be obtained upon request.   

Rainfall data. We acquired rainfall data at a daily (25 gauging stations) and 

monthly (63 gauging stations) resolution distributed across the watershed from different 

sources (Table 2-2). The data cover variable time spans between 1930 and 2016. The 

https://figshare.com/s/19ba0c77429adb4efc4b
https://figshare.com/s/19ba0c77429adb4efc4b
https://figshare.com/s/19ba0c77429adb4efc4b
https://figshare.com/s/19ba0c77429adb4efc4b
https://figshare.com/s/19ba0c77429adb4efc4b
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Instituto Meteorológico Nacional (IMN) has been maintaining an extensive network of 

rainfall stations across the watershed, but these data are only available at a monthly 

resolution. However, daily data can be obtained upon request and authorization of use. 

We also included 15-minute resolution data from five rain gauge stations dispatched 

across the PVNP and measuring rainfall from 2013 to 2016. One of these rain gauges 

has a longer record as it is part of a full meteorological station operated by the 

Organization for Tropical Studies (OTS) since 1996 (Figure 2-1).  

Meteorological data. We acquired daily meteorological data (temperature, wind 

speed and direction, relative humidity and solar radiation) collected from ICE and IMN 

between 1973 and 2013; each dataset covers different timespans within this period. We 

also acquired the data of up to 15-minute resolution collected by the meteorological 

station operated by the Organization for Tropical Studies (OTS) from 1996-2016. The 

number of variables measured by this station has increased as the instrumental set up 

was upgraded (Figure 2-2).  

Water level data at the Palo Verde National Park. We supplemented and re-

instrumented an instrumentation network in the PVNP to better understand the wetland 

hydroperiod dynamics and the hydrological connections with the surrounding watershed 

(Figure 2-2). We measured water level and temperature at six shallow water monitoring 

wells from May 2013 to April 2016 with self-contained electrical pressure transducer 

sensors (Solinst Leveloggers, Solinst Canada Ltd.). We used atmospheric pressure 

data from a barologger (Solinst Canada Ltd.) located at the local weather station (Figure 

4-1) to perform barometric compensation of the data. We complemented the data with 

surface water level monitoring wells instrumented with self-contained canal logger 
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(Muñoz-Carpena and Schumann, 2002) in May 2014 or May 2015 in 5 out of the 6 

stations. We replaced most instruments with Decagon CTD-10 electronic sensors 

(Decagon Devices, Inc. in April 2016). Those sensors also measure electrical 

conductivity. We chose monitoring locations to provide relatively even spatial coverage 

and repurposed an in-site network of abandoned observation wells that were dug for a 

previous study. The locations of these monitoring sites were close to paths to enable 

ease of access and data retrieval. To measure the river influence on the wetland 

hydrology, we dug an additional monitoring well (WL02) 97 m away from a river stage 

height monitoring station installed in the Tempisque river. We programmed all the 

devices to record measurements at a 15-minutes interval. They were uploaded every 

month by the OTS staff members in the UF-Hydrobase server, allowing a QC/QA on a 

regular basis (Figure 2-3). We equipped most of the stations with remote wireless data 

loggers in April 2013 for near-real time access. The elevation of the existing wells had 

already been determined by previous studies. We surveyed the elevation of the new 

stations with a CST rotation laser when there was a point with known elevation close by. 

Beside this high temporal resolution data, we also incorporated manual groundwater 

level data manually measured on a monthly basis by OTS members between 2001 and 

2004 in 27 wells distributed in and around the PVNP. We also included data from two 

additional surface water level stations which were installed as a part of a previous study 

(Calvo Alvarado and Arias, 2007) and have data logs starting from 2003 and 2008.  

Water level in the Tempisque and Bebedero tidal rivers. We installed 

platforms on the lower Tempisque river (LTR) and lower Bebedero river (LBR) and 

measured water level at approximately 16.4 and 18 km from the mouth of the Gulf of 
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Nicoya, respectively. We used the same devices and device configuration as for the 

stations within the PVNP. 

Land cover. We incorporated the monthly time series of spatially aggregated 

Normalized Difference Vegetation Index (NDVI) (Pettorelli et al., 2005) from the Landsat 

(Cohen and Goward, 2004) and MODIS (Justice et al., 2002) imagery dataset. We 

defined 12 aggregation units over which median NDVI values at each date of image 

acquisition were calculated. Six of these units divide the basin by grouping drainage 

contribution areas of the rivers in the basin, one unit corresponds to the irrigation 

network area, and 4 units divide the PVNP between the dry forest area and three zones 

in the wetland area. For more detailed information, see (Alonso et al., 2016a). 

We also included weekly time series of wetland hydric status, and monthly time 

series of wetland fraction wet calculated from a spectral algorithm defined with our field 

water level measurements on MODIS MOD09 satellite imagery. The spectral algorithm 

was calculated over 6 units dividing the PVNP wetland and aggregated using 2.5, 10, 

25, 50, 75, 90 and 97.5 percentiles (Chapter 4). 

We accessed and manipulated the remote sensing images within the cloud-

based Google Earth Engine platform (Google, 2015).  

Land use. We obtained annual 2002-2016 time series of cultivated area by crop type 

from the governmental institution in charge of the water resources management, the 

Servicio Nacional de Aguas Subterraneas, Riego y Avanamiento (SENARA) and 

included them in the database.  

Synoptic surveys 

Tidal river discharge: Acoustic doppler current profiler. We acquired discharge 

measurements with an Acoustic Doppler Current Profiler (ADCP) at multiple river 
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transects of the lower Tempisque and Bebedero rivers. ADCP measures the water 

velocities over a depth range using the Doppler effect with sound waves emitted back 

from particles within the water column. We mounted the ADCP on a boat to obtained 

cross-section velocity profiles, and operated the ADCP with the real-time discharge data 

collection program WinRiver (RD Instrument). We chose the river segments that cover 

the sites of our water level gauge stations, so that those two datasets can be related. 

Because the surveyed river segment was influenced by fluvial and tidal fluxes, we 

navigated each surveyed path during 12 consecutive hours to cover the entire semi-

diurnal tidal oscillation dominant in this area (Figure 2-4). The survey was repeated 

twice in the Bebedero river (05/16/2014 and 04/28/2015) and once at the Tempisque 

river (04/28/2015). We converted the collected data into ASCII-out files that can be 

imported into other post-processing software.  

Conductivity - Temperature – Depth profiles. We repeated Conductivity 

Temperature and Depth (CTD) profiles at 500 m intervals along the Tempisque river, 

from the mouth of the Golf of Nicoya and until the values stabilized to the freshwater 

flow salinity level. We used the CastAway CTD (SonTek / Xylem Inc., San Diego) that 

provides instantaneous profiles and is referenced with both time and location using its 

built-in GPS receiver. We also profiled CTD during the 12 h ADCP survey to measure 

the temporal evolution of the salinity with the tidal cycle. 

Water quality. We collected 13 water samples from our surface and ground water 

monitoring wells in the PVNP, and in 4 irrigation channels surrounding the PVNP on 

December 2013. We sent them to a certified laboratory to analyze them for the major 

anion and cation (Ca2+, Mg2+, Na+, K+, NH4+, PO43-, Cl-, NO3-, SO42-) and dissolved 
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solid content. We collected the samples in 0.5 L water bottles previously rinsed with the 

water from the sampled sites. We stored the bottles in a cooler at approximatively 5ºC 

during transportation to the research station, where they were frozen until the laboratory 

analysis (February 2014).  

Soil texture. We included soil physico-chemical properties measured at three depths 

from 0 to -1 m at the 6 locations of our monitoring wells in the PVNP. These data were 

obtained for a master thesis conducted by Université catholique de Louvain in 

collaboration with University of Florida and OTS (Stipo, 2015).  

Data Records 

The time series data are centralized in a standard format on the SQL UF-

Hydrobase web server (http://hb40.ifas.ufl.edu/Public/Logon.aspx ) where they 

organized around three different projects. The Tempisque watershed – Costa Rica 

project (TW) includes decades-long time series data of water discharge, dam release, 

rainfall, and meteorological information measured across the entire Tempisque 

watershed. The Tempisque watershed, Monthly Data – Costa Rica project (TM) 

exclusively stores monthly rainfall data. The Palo Verde National Park project hosts the 

hydrological and meteorological time series data recorded within the PVNP and the 

LWR and LBR bordering the PVNP. Data in this database are organized by station (i.e. 

location) and classified by category: surface water level, discharge and temperature 

(CA), groundwater level and temperature (WL), rainfall (RN), weather data (WS), and 

water quality data (WQ). Every station has a descriptor for its metadata. UF-Hydrobase 

features online visualization and simple descriptive statistic calculation tools, and allows 

the conversion of the time series to daily, weekly, monthly or annual frequency. It also 

provides easy access and download of the data as csv or xml files. Data from synoptic 



 

44 

surveys are hosted in a figshare repository (Object 2-3). Each data type is stored in a 

specific folder whose name is self-explicit. Each folder includes a README text file with 

metadata. The data from ADCP surveys are saved as ASCII-out text files. The data 

from CTD survey are stored in 3 different formats: ctd readable by the CastAway 

software, .csv, and, .mat (Matlab). The water quality and soil data were saved in csv 

files.   

Object 2-3. Figshare repository with the synoptic data of the Tempisque-PVNP 
database.  

Exploratory Analysis and Descriptive Statistics 

We undertook an QC/QA and exploratory analysis on the collected data. They 

are stored in Appendix A and Appendix B. 

 

https://figshare.com/s/19ba0c77429adb4efc4b
https://figshare.com/s/19ba0c77429adb4efc4b
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Table 2-1. Description of the datasets composing the Tempisque database. 

Variables Area 
Storage 
platform 

Hydrobase 
project and 
station type 

Number 
of 

stations 

Acquisition 
date / time 

span 

Temporal 
resolution 

Sources 

Hydrology               

River discharge  TW Hydrobase TW - CA 15 1952-1993 Daily 1 

    100+ 1993-2009 # Daily 1 

Dam operation TW HB TW - CA 1 1996-2015  6 hour 2 

SWE and EC LTR - LBR Hydrobase TS - CA 4 2013-2016 * 15 min 3 

EC longitudinal profile LTR  Figshare - 1 04/2015 Synoptic 3 

EC transversal profile  LTR - LBR Figshare - 2 04/2015 Synoptic 3 

Cross-section 2D velocity profile  LTR - LBR Figshare - 2 04/2015 Synoptic 3 

WTE  PVNP Hydrobase TS - WL 23 2001-2004 ~Monthly 4 

WTE and EC PVNP Hydrobase TS - WL 7 2013-2016+ 15 min 3 

SWE - wetland  PVNP Hydrobase TS - CA 7 2003-2016 * 15 min 3 

Soil moisture PVNP Hydrobase TS - SO 7 2016+ 15 min 3 

SWE - runoff / intermittent streams PVNP Hydrobase TS - CA 3 2003-2016 15 min 3, 6 

Water quality  PVNP Figshare - 9 12/2014 Synoptic 3, 6 

Meteorology        

Weather TW  Hydrobase TW - WS 5 1973-2013 # Daily / monthly 7 

 PVNP Hydrobase TS - WS 1 1996-2016+ Daily to 15 min 4 

Rainfall TW  Hydrobase TM - RN 58 1937-2013* Monthly 7, 8, 9, 10 

 TW  Hydrobase TW - RN 37 1961-2016 # Daily 7, 8, 9, 10, 11 

 PVNP Hydrobase TS - RN 6 1996-2016+ Daily / 15 min 3 
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Table 2-1. Continued 

Variables Area 
Storage 
platform 

Hydrobase 
project and 
station type 

Number 
of 

stations 

Acquisition 
date / time 

span 

Temporal 
resolution 

Sources 

LCLU        

NDVI spatially aggregated time series  TW - PVNP Hydrobase  12 1984-2016 Monthly 13, 14 

Wetland hydroperiod PVNP Hydrobase  6 2000-2016 < Weekly 14 

Main crop area time series TW Hydrobase  4 2002-2013 Annual 2 

Pedology        

Soil textural properties PVNP Figshare - 6 2014 Synoptic 12 
Soil transect profile PVNP Figshare - 6 2014 Synoptic 12 

* Longest record among all individual datasets.       
+ Still recording data at the publication date.       
# Data are not public record and available under request only.    
Variables: WTE: water table elevation; SWE: surface water elevation; EC: electrical conductivity.   
Area: TW: Tempisque watershed; PVNP: Palo Verde Wetland National Park; LTR: Lower Tempisque River; LBR: Lower Bebedero River. 

Station type: CA: surface water; WL: ground water; SO: soil; WS: meteorological; RN: rainfall.   
Sources:        
1. ICE: Instituto Costarricense de Electricidad. Boletines Hidrologico. Datos de las estaciones fluviograficas del Instituto Costarricense de Electricidad. 

2. SENARA: Servicio Nacional de Aguas Subterráneas, Riego y Avenamiento.     
3. Our instrumentation network installed and managed under a partnership between University of Florida (UF) and Organization for Tropical Studies 
(OTS). 

4. OTS: Organization for Tropical Studies database (http://www.ots.ac.cr).     
6. TEC: Tecnológico de Costa Rica.        
7. IMN : Instituto Meteorologico Nacional.       
8. UCR: Universidad de Costa Rica.        
9. UF: University of Florida.        
10. Earth University.        
11. Hidrocec: Centro de Recursos Hídricos para Centroamérica y el Caribe.     
12. UCL: Université catholique de Louvain in partnership with UF and OTS. Stipo (2015).    
13. Landsat. USGS. Retrieved and processed with Google Earth Engine.     
14. MODIS. NASA LP DAAC at the USGS EROS Center. Retrieved and processed with Google Earth Engine.  
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Figure 2-1. Map of the monitoring stations in the Tempisque watershed and Palo Verde 
National Park.  
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Figure 2-2. Map of the monitoring stations in the Palo Verde National Park wetland.
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Figure 2-3. Flow chart of the data collection strategy. It highlights the adaptive strategy 
implemented to ensure data quality and OTS field staff autonomy for the data 
collection process. 
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Figure 2-4. Location of the ADCP transects in the Tempisque and Bebedero rivers. 

 
Figure 2-5. Location of CTD profiles along the Lower Tempisque River. 
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CHAPTER 3 
WETLAND LANDSCAPE SPATIO-TEMPORAL DEGRADATION DYNAMICS USING 

THE NEW GOOGLE EARTH ENGINE CLOUD-BASED PLATFORM: OPPORTUNITIES 
FOR NON-SPECIALISTS IN REMOTE SENSING * 

Wetlands provide a variety of services to humanity, yet they are under increasing 

pressure from human population resource needs (Mitsch and Gosselink, 2007) and 

climate change, altering the important functions and services they provide. Wetland 

conservation, management, and restoration involve long-term monitoring that should 

span beyond the borders of the wetland and incorporate its landscape (Mitsch and 

Gosselink, 2000). In addition, this monitoring should include retrospective 

measurements of targeted variables, ideally over sufficient temporal and spatial 

domains to recognize changes that would require adaptive management interventions 

and define reference points for restoration. Long-term monitoring programs can require 

intensive fieldwork and substantial financial and human investment (e.g.: van Dam et 

al., 1998). Ecosystem-level process-based monitoring costs and effort can grow 

exponentially when conducted at the landscape scale or for sites that are not easily 

accessible, such as the estimated 1.3 million ha worldwide of wetland systems 

(Finlayson CM & Spiers AG (eds), 1999). Therefore, many of these ecosystems are 

poorly documented or not documented at all (Finlayson CM & Spiers AG (eds), 1999). 

Remote sensing provides an alternative to ground-measured data (Lu et al., 

2004). For more than four decades, satellites have spanned the globe to record land 

properties at broad spatio-temporal scales, providing a unique window into the past to 

                                            
* The majority of this chapter was published in Alonso, A., Muñoz-Carpena, R., Kennedy, R. E., & Murcia, 

C. (2016). Wetland Landscape Spatio-Temporal Degradation Dynamics Using the New Google Earth 
Engine Cloud-Based Platform: Opportunities for Non-Specialists in Remote Sensing. Trans. ASABE, 
http://doi.org/10.13031/trans.59.11608 
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observe the status and dynamics of ecosystems. Remote sensing has been 

increasingly used to describe and track global land cover and ecosystem status and 

dynamics, and it is one of the major sources for change detection in large-scale coupled 

human-natural systems (Boyd and Danson, 2005; Cohen and Goward, 2004; 

Gottschalk et al., 2005; Lu et al., 2004). In the case of wetland systems, remotely 

sensed data have also been successfully used to identify and map vegetation (Adam et 

al., 2009) and to detect and quantify vegetation succession and ecological shifts 

through space and time (Chen et al., 2014; Christensen et al., 1988; Houhoulis and 

Michener, 2000; J. R. Jensen et al., 1987; Kushwaha et al., 2000; Munyati, 2000; 

Ramsey and Laine, 1997; Zhao et al., 2009). 

The last decade witnessed an important change in environmental remote 

sensing, as several image archives became available cost-free and were processed to 

a form usable by non-specialists, including Landsat (Wulder et al., 2012), Advanced 

Very High Resolution Radiometer (AVHRR) (Tucker et al., 2005), and Moderate 

Resolution Imaging Spectroradiometer (MODIS) (Justice and Townshend, 2002). At the 

same time, computing capabilities reached the point where advanced analysis could be 

conducted on large image archives. Together, these advances allowed the remote 

sensing community to develop analyses that use full image archives to richly describe 

landscape dynamics, allowing detection and tracking of abrupt changes as well as 

slowly moving trends through space and time (Chen et al., 2014; Christensen et al., 

1988; Houhoulis and Michener, 2000; J. R. Jensen et al., 1987; Kushwaha et al., 2000; 

Munyati, 2000; Ramsey and Laine, 1997; Zhao et al., 2009).  
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Despite these major advances, significant barriers remain to adoption of remote 

sensing in environmental sciences. A standing challenge is reduction of the noise 

caused by cloud-contaminated scenes, and identification of the appropriate imagery 

source that best fits the motivating question. Depending on the spacecraft (e.g.: Landsat 

or MODIS), remotely sensed images differ in their spatial, spectral and temporal 

resolution and in their temporal coverage. Moreover, images from the same spacecraft 

can be available in various preprocessed states. Tapping into the algorithms and image 

archives required specialized expertise and software, powerful computing units, and 

significant time dedication. Many natural resource engineers, scientists, and managers 

were still dependent on remote sensing specialists to exploit the potential of satellite 

imagery information. 

In 2010, Google revolutionized the field of remote sensing by launching the 

Google Earth Engine (GEE) platform (Google, 2015). This geoprocessing cloud-based 

platform centralizes petabytes of publicly available remotely sensed and ancillary data 

in the cloud. A large amount of images can be imported with one click on the built-in 

application programming interface (API) for the JavaScript and Python computer 

languages, featuring a wide range of algorithms to run geospatial analysis remotely on 

Google’s computational infrastructure. The ease of access to preprocessed and 

georeferenced data, along with the comprehensive and flexible platform and the 

computational power and speed gained with the parallelization of operations, opens 

unlimited possibilities for advanced analysis to geoscientists (e.g.: Hansen et al., 2013). 

GEE also offers potential for the democratization of remote sensing analysis for the 

broader scientific community. Thanks to the fast and straightforward access to a myriad 
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of remotely sensed data, including a large amount of Landsat and MODIS images, and 

the well documented geospatial analysis playground, anyone with basic knowledge of 

remote sensing and coding languages can build a customized dataset from the remote 

sensing information mine. This should spur the integration of remotely sensed 

information within a comprehensive dataset to explore changing land and water 

systems and their integrated management. 

We present a case study illustrating the power of GEE for wetland studies. We 

focus on the internationally recognized Palo Verde wetland in Costa Rica, which is 

located in the downstream portion of a highly transformed water-subsidized watershed 

(Jiménez et al., 2001). It has been severely degraded since the invasion of dense cattail 

in the early 1980s. The observed alterations are likely a consequence of changes in the 

socio-economic and environmental landscape introduced by a major infrastructure 

project consisting of an inter-basin water transfer for hydropower generation and 

irrigation, along with management practices internal to the park (Osland et al., 2011b). 

However, establishment of causal relationships is challenging because of the high 

number of interplaying factors. As a result, the watershed and the wetland are mostly 

managed as a collection of isolated pieces, without considering the interconnected 

nature of the system in which management decisions propagate in cascading effects 

and feedback loops. By overlooking the new properties that typically emerge from a 

complex system (Ottino, 2004), such fragmented management can exacerbate 

degradation and lead to additional unintended and unexpected consequences. Causal 

relationships governing such complex systems may be detected through the diagnosis 

of long-term time series of response and candidate explanatory variables (Hornberger 
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and Spear, 1981; Schreiber, 1999; Sugihara et al., 2012). For our study area, a 

significant database of socio-economic, climatological, hydrological, and environmental 

covariates has already been gathered to perform this analysis. However, historical 

trends and seasonal patterns of vegetation were lacking. Vegetation is a key response 

variable in the wetland (Adam et al., 2009; Dennison et al., 1993) and an explanatory 

variable in the upper part of the watershed. Remote sensing represents a possible 

solution, but limited resources were available for image processing. By eliminating many 

barriers to vegetation data collection and processing, GEE can prove critical for readily 

and quickly generating time series of spatially aggregated vegetation index over 

delineated areas in the basin. 

The objective of this study is to guide non-specialists in remote sensing toward 

the generation of basic, spatially aggregated vegetation index time series using GEE, 

and provide insight into the many research opportunities opened by this new tool. We 

use the Tempisque/Palo Verde case study to illustrate the procedure used to generate 

time series of vegetation change from a selected set of image collections generated 

from Landsat and MODIS sensors and available in the GEE cloud. We present the 

criteria used to discriminate the most appropriate images to generate the final 

vegetation time series, and discuss their initial implications for the study of human 

degradation of the protected Palo Verde wetland. The resulting time series of the 

normalized vegetation index was subjected to a trend analysis to estimate vegetation 

change over space and time. 
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Materials and Methods 

Study Area  

Situated in the northern Pacific coast of Costa Rica, the 5,670 km2 Tempisque 

watershed was subjected to major transformations in the late 1970s with a large-scale 

hydropower and irrigation project (Figure 3-1). Water is transferred from the Caribbean 

hillside at Lake Arenal and piped through three cascading hydro electrical jumps before 

being distributed into the Magdalena River and a network of irrigation channels that 

spreads through the middle of the Tempisque basin to irrigate more than 44,000 ha of 

agricultural lands (Jiménez et al., 2001; Zuñiga, 1993). The water eventually flows 

through the lower basin and into the Pacific Ocean at the Gulf of Nicoya. This 

development project reshaped the hydrological signature of the watershed and 

profoundly redefined the land management, from extensive to intensive agriculture 

(Daniels, 2004) (Daniel and Cumming, 2008). It also changed the basin dynamics by 

altering how the different ecosystems interact with each other. Human decisions at 

multiple points in space and time propagate in a succession of feedback loops and 

cascading effects, through the transport and transfer of energy, water, and materials 

among the different parts. While the mechanisms and forces governing those emerging 

connections and interactions are still largely unknown (Convertino et al., 2016), their 

manifestations are already visible in the protected wetland of the Palo Verde National 

Park (PVNP) in the lower basin (Daniel and Cumming, 2008). This seasonally flooded 

wetland is internationally recognized under the Ramsar Convention for its stunning 

biodiversity and for being a nesting and feeding sanctuary for thousands of waterfowls. 

Beginning in the late 1980s, it has experienced a vegetative regime shift from a 

heterogeneous landscape with open water, low grasses, and floating and low emergent 
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vegetation with some tall emergent patches of cattail to a monotypic stand of cattail 

(Typha domingensis) (Calvo-Alvarado and Arias, 2005; Castillo-Núñez and Guzmán 

Álvarez, 2004; Osland et al., 2011b; Trama et al., 2009; Vaughan et al., 1994). Some 

areas also exhibit a transition to tropical dry forest. This strongly impacts the biodiversity 

and services provided by the wetland with, among other effects, a large reduction in the 

bird population, which is attributed to cattail stands so dense that birds cannot land or 

feed (Trama et al., 2009). 

To identify long-term wetland degradation drivers and elucidate the mechanisms, 

we intend to explored the cause-effect relationships between the vegetation response 

variables and a set of hypothesized drivers through the use of time-series analysis (e.g., 

Campo-Bescós et al., 2013; Detto et al., 2012; Hassani, 2007; Sugihara et al., 2012). 

Data for the hypothesized drivers are time series of meteorological and hydrological 

variables measured across the watershed and indicators for socio-economical temporal 

dynamics. The results from this data-based diagnostic analysis will inform the further 

construction of a spatially explicit model. 

Time series for each covariate were generated for eleven polygons forming the 

study area: four for the PVNP and seven for the upstream watershed. Although forming 

a single body, the PVNP wetland has been described by locals as a cluster of six 

subwetlands. We combined adjacent small subwetlands in twos to define three 

polygons for the wetland (Figure 3-2, zones 1 to 3) and a fourth polygon for the dry land 

in the PVNP (Figure 3-2, zone 4). The upper watershed was divided by grouping 

subwatersheds generated with the Hydrology toolbox in ESRI’s ArcMap platform to form 

six units. An additional polygon corresponding to the current irrigation district 
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surrounded by a 200 m buffer was also considered (Figure 3-2). All the polygons were 

delineated and converted into a KMZ file in ArcMap. Their area ranged between 1,924 

and 156,413 ha. 

Dataset Selection and Calculation of NDVI 

Landsat and MODIS images 

The normalized difference vegetation index (NDVI) was used as an indicator for 

vegetation cover. This index is based on the property that vegetation absorbs 

electromagnetic radiations in the red region of the spectrum for photosynthesis and 

scatters solar radiation in the near-infra-red spectral region (NIR). It is defined as: 

redNIR

redNIR

rr

rr




NDVI  (3-1) 

where rNIR is the spectral reflectance recorded by an NIR channel, and rred is the 

spectral reflectance recorded by a red channel. Thus, the NDVI ranges between -1 and 

1, with 1 indicating a high density of green leaves, and 0 or negative values indicating 

no vegetation at all. Soils with high moisture content, such as wetland soils, can 

influence the electromagnetic signature of vegetation and hence NDVI. However, we 

considered the index as sufficient to capture the general pattern of vegetation dynamics. 

In this study, we compared NDVI generated from Landsat and MODIS images. 

These two publically available sources are the workhorses of many vegetation 

dynamics studies (e.g.: Cohen and Goward, 2004; Pittman et al., 2010) largely because 

of their high-quality, well-designed spectral sensitivity and advantageous spatial and 

temporal resolutions. 

The Landsat program, jointly managed by NASA and the U.S. Geological Survey, 

is the world’s longest continuously acquired collection of space-based land remote 
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sensing data. The first satellite (Landsat 1) was launched in 1972 and was followed by a 

suite of six other sensors, ending with the current Landsat 8 sensor. Each sensor 

records several spectral bands at different spatial resolutions varying from 15 to 120 m. 

Landsat satellites perform an entire coverage of the Earth every 16 days. Considering 

the depth of its archive and its relatively fine spatial resolution, Landsat imagery is 

especially relevant for fine-scale vegetation mapping. It is increasingly being used to 

detect subtle ecological processes and changes at fine scales and is particularly 

promising to detect long-term trends, seasonal patterns, and feedback processes of 

coupled human and natural systems over smaller and larger scales (e.g.: Boyd and 

Danson, 2005; Gottschalk et al., 2005; Kennedy et al., 2014; Wulder et al., 2012). 

The MODIS instruments are mounted on the Terra and Aqua spacecraft, which were 

launched by NASA in December 1999 and May 2002, respectively, with the objective to 

generate a long-term dataset of land data (Justice et al., 2002). Both satellites cover the 

Earth’s surface every one to two days with distinct orbits, resulting in different viewing 

and cloud cover conditions for a specific location. The MODIS instruments record data 

in 36 spectral bands with a spatial resolution of 250 m to 1 km. MODIS images are 

particularly suited to map vegetation and land cover at regional to global scales and 

track changes at fine temporal resolutions. 

For this study, we did not use several other publicly and privately owned image 

sources, including AVHRR, SPOT, IKONOS, and Quickbird (Xie et al., 2008). AVHRR 

has a spatial resolution too coarse for this study (8 km), and SPOT has not been openly 

released for Central America yet. Furthermore, they have not been included in the GEE 

data catalog at the time of this study, although we expect AVHRR images and the open-



 

60 

access portion of SPOT images to be included soon. The higher spatial resolution 

sources (IKONOS and Quickbird) are rapidly building impressive long-term archives, but 

currently they do not have the temporal depth needed to understand feedback 

processes in our system. 

Image sources on GEE for vegetation mapping 

GEE hosts multiple Landsat and MODIS datasets usable for NDVI mapping. 

They differ by the craft that recorded the data, the preprocessing status of the images, 

whether or not a vegetation index has been calculated at the pixel scale for those 

images, and whether or not they have been aggregated to form composites at a specific 

temporal resolution (usually 8 days, 16 days, 32 days, annual, 3 years, or 5 years). For 

many new users, it is challenging to discriminate among these different datasets for 

appropriate use. We tested the five Landsat and MODIS sets of images and composites 

(hereafter referred to as collections) with a temporal resolution shorter than one month 

(Table 3-1). In the case of LAN.G-8dNDVI, we opted for the 8-day composites over the 

32-day composites also provided by Google. In the 32-day composites, the NDVI value 

at each pixel and for each period is the value from the most recent pixel. Alternatively, 

the 8-day resolution allows selection of the maximal monthly value, which eliminates 

possible lower NDVI values due to cloud contamination. 

The LAN.G-8dNDVI and MODIS collections came by default with an NDVI band 

generated by the provider. For the LAN.LDEDAPS and LAN.TAO collections, NDVI 

values were calculated in the GEE API from the NIR and red bands with the built-in 

normalizeDifference function (Google, 2015) and added as a band to each image in the 

collections. 
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Spatially aggregated NDVI time series were generated by calculating the median 

of the NDVI value of each pixel populating a selected area. As a first step, the NDVI 

values were aggregated over the entire Tempisque watershed for the five selected 

image collections. The resulting time series were compared to each other, and the 

collections that gave the most satisfactory results were retained. The criteria for the 

selection were the length of record, the number of images available and their temporal 

distribution, the apparent noise, and the pixel size. The final collections were used to 

generate the NDVI time series for the eleven delineated polygons (Figure 3-2). 

Implementation in GEE 

NDVI time series are aggregated with the GEE playground, a web-based 

integrated development environment (IDE) that interfaces with underlying image 

processing libraries through either a Python or JavaScript API (Google, 2015). The 

libraries contain an extensive and constantly growing data catalog with petabytes of 

open-access preprocessed and georeferenced images (rasters) and features (vectors) 

that can readily be imported on the playground to run geospatial analysis. This interface 

also features many other capabilities (Figure 3-3). Every user has access to personal 

and shared scripts when logging into a personal GEE account, and user-generated 

scripts are accessible for sharing through URL hyperlinks (Object 3-1). GEE is a 

developing platform whose access is still limited to a restricted number of developers. 

However, users from public institutions are likely to be granted full access rights. 

Object 3-1. Earth Engine script for NDVI calculation on multi-temporal maps and user-
delineated polygon, and spatial aggregation. 

GEE was used to implement a sequence of processing steps to construct and 

examine the NDVI time series in the study area (Figure 3-4). The same procedure was 

https://figshare.com/s/ed1a61c843bf8c98e383
https://figshare.com/s/ed1a61c843bf8c98e383
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applied for the five collections evaluated in this study (Table 3-1). The images available 

for the study area were listed and visualized on GEE and with videos (Figure 3-4, steps 

4 and 5). The noise caused by cloud contamination was reduced using a three-step 

approach. When ancillary data for a selected collection were available, images with 

cloud cover greater than 25% were disregarded (Figure 3-4, step 2). Pixels with cloud 

cover greater than 15% were masked using the GEE simpleCloudScore function (Figure 

3-4, step 6). This was only implemented on LAN.TOA images, the only collection that 

included the thermal band required by the function. Eventually, each aggregated NDVI 

time series was converted to monthly resolution by selecting the maximal values in each 

month as the last step in the process (Figure 3-4, step 9). We assumed the NDVI 

variation in each month to be the result of cloud and other atmospheric contamination; 

hence, selecting the maximal value was an additional step to reduce this source of 

noise. The monthly time series generated prior and after this noise reduction procedure 

were compared to evaluate the performance of this step. 

Trend Analysis  

Landscape-scale NDVI trend analyses were performed on median (NDVIm) 

values aggregated for the polygons delineated in Figure 2-2 and for images acquired 

during the months of December and January. Landsat imagery was selected for their 

longer time coverage (1986 – 2016) in comparison with MODIS (2000 – 2016). The 

higher frequency of data in the MODIS time-series was used to check the phenological 

stage of each Landsat image used for the trend analysis during the timespan the 

MODIS and Landsat datasets overlap. Landsat images acquired during the months of 

December and January were checked individually for cloud cover with a video exported 

from GEE. In order to facilitate the selection, image identifier, and date of acquisition 
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were printed on each video frame with Matlab R2014b. Images with minimal cloud cover 

area were considered. In order to maximize the number of year represented in the trend 

analysis, the images exhibiting localized cloud cover where included but ignored for 

analysis on the contaminated polygons. Hence, the number of images used for the 

trend test differs for each polygon.  

In order to correct for band-pass difference between sensors, NDVI values from 

Landsat 8 (OLI sensor) were transformed with TOA NDVI sensor regression function 

established by (Roy et al., 2016): 

𝑁𝐷𝑉𝐼𝐸𝑇𝑀+ = −0.0110 + 0.9690 ∗ 𝑁𝐷𝑉𝐼𝑂𝐿𝐼  (3-2) 

where 𝑁𝐷𝑉𝐼𝐸𝑇𝑀+ is the NDVI calculated from the ETM+ sensor (Landsat 7). The 

difference between TM (Landsat 4 and 5) and ETM+ sensors is usually considered as 

insignificant e.g.: (Raynolds and Walker, 2016; Sonnenschein et al., 2011). However, 

NDVI from TM have been shown to be slightly lower than ETM+ (Steven et al., 2003; 

Sulla-Menashe et al., 2016). This has to be considered in the interpretation of the 

results.  

Linear regressions were performed between NDVIm and the image acquisition 

date (t) as independent variable:  

𝑁𝐷𝑉𝐼𝑚(𝑡) =  𝑏0 +  𝑏1*t (3-3) 

Regression constants 𝑏0 and slope 𝑏1 were calculated using a least square fit. Time was 

expressed in day count after the first measured image. The goodness-of-fit of the linear 

trend models were assessed by calculating the coefficient of determination (R2). The 

slope significance was tested with a two-sided t-test at the 0.05 significance level 

(Kendall, 1938)  and with the nonparametric Mann-Kendall’s trend test (Kendall, 1990; 
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1938; Mann, 2016). The test evaluates the strength of a monotonic association between 

the time and a variables of interest y:  

𝜏 =  
𝑆

𝑛(𝑛 − 1)/2
 

(3-4) 

where S is 

𝑆 =  ∑ ∑ 𝑠𝑖𝑔𝑛(𝑦𝑗 − 𝑦𝑘)

𝑛

𝑗=𝑘+1

𝑛−1

𝑘=1

 
(3-5) 

with 𝑛 the length of the record, 𝑦𝑗 and 𝑦𝑘  the observations at time j and k, 𝑠𝑖𝑔𝑛(𝑦𝑗 − 𝑦𝑘) 

equals -1, 0, or 1 if  𝑦𝑘 is higher, equal or smaller than 𝑦𝑗, respectively.  The 𝑦 values 

are formerly sorted in chronological order. Kendall’s Tau coefficient varies between -1 

and 1. To evaluate the statistical significance that Tau differs from zero, the S is 

approximated by a standard normal distribution 𝑍𝑆  

𝑍𝑠 =

{
 
 

 
 

  

𝑆 − 1

𝜎𝑆
                𝑖𝑓 𝑆 > 0

 0                      𝑖𝑓 𝑆 = 0
𝑆 + 1

𝜎𝑆
              𝑖𝑓 𝑆 < 0

 (3-6)    

where the standard deviation 𝜎𝑆 is defined as  

𝜎𝑆 = √(
𝑛

18
) ∗ (𝑛 − 1) ∗ (2𝑛 + 5) (3-7) 

The significance of the difference between trends from each polygon was tested on a 

one by one basis with the student test in equation 2-8 as detailed in (Howell, 2012). 

𝑡 =  
𝑏1 − 𝑏2

√𝑠𝑏1 − 𝑠𝑏2
~𝑇(𝑛1 + 𝑛2−4) (3-8) 
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where 𝑏1 and 𝑏2are the slopes of the NDVIm data set from the two tested polygons, 𝑠𝑏1 

and 𝑠𝑏2 are the standard errors of the predicted y-value for each x in the regressions, 

and 𝑛1 and 𝑛2 are the number of images in both time series. 

Results and Discussion 

Image Availability for the Tempisque watershed 

Images available in each collection for the study area were displayed in videos (Object 

3-1) and listed along with their ancillary data in GEE. The videos indicated that many 

Landsat scenes exhibited significant cloud cover, but the clouds were often located 

outside of the study area, in the northeast mountainous region and above the Pacific 

Ocean. We thus accepted images with as much as 25% cloud cover for further analysis. 

The total number of images and the number of months with at least one image available 

in the GEE archive are summarized in Table 3-2. The Landsat collections have a 

significant number of missing images, with 44%, 49%, and 38% of months without data 

for the LAN.TOA, LAN.LEDAPS, and LAN.G-8dNDVI collections, respectively. This lack 

of imagery is partially explained by the high cloud cover characteristic of this tropical 

region, particularly during the rainy season from May to October (Figure 3-5a). The 

number of images available during this season is therefore lower, especially after the 

dataset was cleared of images with cloud cover greater than 25% (Figure 3-5b). The 

exclusion of those images increased the proportion of months without usable images to 

65% and 70% for LAN.TOA and LAN.LEDAPS, respectively (Table 3-2). Other factors 

behind the lack of data might be technical, including periods when non-U.S. downlink 

stations could not be operated, periods when image collection was de-prioritized over 

non-U.S. holdings, and failure of the TDRS transmitter onboard the Landsat 5 

spacecraft in 1985. At that time, the satellite could only acquire imagery over regions of 
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the world where ground stations were operating. This resulted in massive data gaps in 

some regions of the globe from 1985 to 1999, when Landsat 7 was launched. The 

longer data gaps observed until 1996 (Figure 3-6a,b,c) support this hypothesis. Figure 6 

a, b and c also clearly shows the role of filtering in removing noise from clouds. The 

three Landsat time series exhibited a seemingly noisy signal when all images were 

included, while clear successions of decreasing NDVI values appeared annually during 

the dry season on filtered LAN.TOA and LAN.LEDAPS collections. Because images 

from LAN.G-8dNDVI had no cloud cover metadata, they could not be readily filtered for 

cloud cover, and hence the noise remained. This is a flaw of this dataset. Conversely, 

the MODIS collections hold at least one image per month (Table 3-2) over the period of 

time during which the Terra and Aqua sensors have been operating. The coherent 

structure of the maximum monthly time series (Figure 3-6d,e) suggests that there is at 

least one image a month with minimal cloud contamination. With a temporal resolution 

of one or two days and passage of the Terra and Aqua satellites at two different 

moments of the day, the MODIS data have a much higher probability of obtaining at 

least one cloud-free image per month. The videos with the image selection of Landsat 

images for the month of December and January are in Object 3-2. 

Object 3-2. Videos of Landsat and MODIS images available for the study area. 

Comparison and Evaluation of Image Collections 

NDVI values were compared across datasets (Figure 3-7). LAN.G-8dNDVI 

remained a persistent outlier (Figure 3-7a,b,c,g). Because it did not include metadata on 

cloud cover for straightforward filtering, we excluded that data collection from further 

analysis. The higher NDVI values resulting from application of the GEE 

Landsat.simpleCloudScore algorithm on the LAN.TOA collection (Figure 3-7d,e) 

https://figshare.com/s/ed1a61c843bf8c98e383
https://figshare.com/s/ed1a61c843bf8c98e383
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suggested that it successfully identified pixels contaminated by clouds and should be 

used to exclude those pixels during aggregation. This was also confirmed by visual 

inspection of images before and after cloud masking. However, because cloud shadow 

is not detected by this function, images with global cloud cover greater than 25% were 

also excluded. Scene-wide screening is generally unfavorable, as it can exclude images 

with substantially useful pixels. However, until shadow detection masks, such as 

defined by the FMASK algorithm (Zhu and Woodcock, 2012), are available in GEE, this 

was the safest approach to avoid inclusion of cloud-contaminated pixels. The dataset-

to-dataset comparisons suggest that Landsat TOA and LEDAPS provide similar results, 

with a linear relationship of slope close to 1 and intersect of 0.046 (Figure 3-7f). 

Because the more advanced LEDAPS processing algorithms are not available for 

Landsat 4 and 8, we favored the Landsat TOA collection (LAN.TOA 25 15) for further 

analysis. Both MODIS NDVI collections showed similar results (Figure 3-7i). Therefore, 

we chose the images provided by USGS-LPDAAC (MOD.U-16dNDVI) because of their 

finer spatial resolution. Finally, NDVI time series were generally in agreement across 

the Landsat TOA, LEDAPS, and MODIS datasets. The slope of the relationship was 

generally close to 1, but always with a bias. Therefore, the general pattern of NDVI 

across datasets is comparable, but the absolute NDVI values are not. In summary, the 

choice between the Landsat and MODIS collections depends on the particular 

application. There is a trade-off between the temporal resolution of existing and reliable 

data, the time range covered, and the spatial resolution. Because of the higher temporal 

occurrence of coverage by MODIS, and hence the higher probability of capturing cloud-

free data, use of the MODIS collection should be prioritized for such a tropical region, 
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particularly if the coarser spatial resolution and shorter time coverage are not a 

limitation. 

Trend Analysis 

Ten and 19 cloud-free Landsat-TOA images acquired between 1986 and 2016 

were selected for the months of December and January respectively because of their 

minimal cloud-covered area (Object 3-3 and Table 3-3) and for being a period of high 

vegetation vigor (Figure 3-10). The trend analysis reveals a significant upward trend 

(p<0.01) in all polygons for the month of January over the period 1986-2016 at an 

average rate of 0.0044 yr-1 (Table 3-3 and Figure 3-4). The trends were generally 

weaker for the month of December, and was not significant in the majority of the area 

apart from the PVNP. However, no significant difference between slope of each polygon 

were revealed by trend comparison analysis (not shown). 

The general increase in NDVIm in the entire watershed confirms the results from 

(Daniels, 2004) who shows that the dominant Tempisque watershed land cover 

trajectory was the forest spontaneous regeneration based on 3 Landsat images 

acquired in 1975, 1987 and 2000. Our results suggest that the forest recovery of 

pasture has been continuing after 2000 until to date. The significant increase in NDVIm 

in the lower Palo Verde National Park confirms the deplored wetland reforestation and 

open water closing with vegetation. The weaker slope and lower NDVIm values in Zone 

1 suggests a different vegetation trajectory in this area of the PVNP, where cattail has 

not established (Ulises Chavarría, PVNP administrator; personal communication). The 

large spread between the lower and higher percentiles in all polygons except for the 

Zone 4 - the tropical dry forest in the PVNP, suggests important heterogeneity in the 

vegetation cover inside the polygon (Figure 3-11).  
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Object 3-3. Videos of the Landsat images available in December and January for the 
study area indicating the image selected for the trend analysis. 

Implications for the Tempisque Case Study 

Landsat maps of NDVI in March 1986 and March 2011 suggest that the entire 

watershed witnessed an overall increase in vegetation greenness and forest cover 

(Figure 3-8a). This is confirmed by the detection of a significant increasing trend 

(p<0.01) for the month of January over the period 1986-2016 at an average rate of 

0.0044 yr-1 (Table 3-12, Figure 3-12). This change is explained by the progressive 

abandonment of cattle ranging in the region since the 1980s and natural succession to 

secondary forest. An increase in vegetation greenness also occurred in the PVNP, 

where dark areas in 1986 correspond to open water, most of which were entirely green 

in 2011. This change matches the known cattail invasion of the waterway, resulting in 

degradation of the wetland and an impairment of its ecological functions. However, 

these two single pictures have to be considered cautiously considering the high inter-

annual variability of vegetation dynamics caused by variations in precipitation and other 

drivers, and the artifact possibly caused by distinct image acquisition sources (Landsat 

5 and Landsat 7). Within-season variability in greenness can be tracked using the 

MOD.U-16dNDVI dataset (Figure 3-8b). The contrast in greenness between March 

2014 and July 2014 shows that MODIS images can provide sufficient detail despite their 

coarser spatial resolution. NDVI maps were selected for illustration purpose, but NDVI 

maps for any other date can be promptly generated with GEE. 

NDVI time series for the eleven polygons within the Tempisque watershed 

(Figure 3-2) were generated from the selected Landsat and MODIS collections (Figure 

3-9). The time series from MODIS do not have any missing values but only extend back 

https://figshare.com/s/3bd2087cb3c9f0e7646f
https://figshare.com/s/3bd2087cb3c9f0e7646f
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to the year 2000. A strong seasonal pattern is visible for all eleven polygons (Figure 3-

9). Missing data early and within the time series limit the use of Landsat for studies on 

temporal dynamics at monthly resolution. Despite their limitation in generating time 

series of higher temporal resolution for this region of the globe, the Landsat images 

remain a valuable source for vegetation mapping and observation of changes and 

trends in land cover and land use through time. GEE provides a comprehensive suite of 

tools to undertake such analysis. However, other drivers might have caused inter-

annual and intra-annual variations. We will continue to explore other hydrological and 

socio-economic drivers that might have caused these inter-annual and intra-annual 

variations in vegetation. 

Conclusions, Limitations, and Opportunities 

The mechanisms governing complex coupled human and natural systems may 

be unraveled with a comprehensive set of long-term time series of response and 

hypothesized explanatory covariates, including ecological, hydrological, and socio-

economic drivers. In many situations, the vegetation covariate has not been measured 

with sufficient spatio-temporal resolution. This is especially the case for large-area 

ecosystems and wetland systems that are difficult to access for monitoring. With more 

than four decades of data, satellites provide a compelling alternative for generation of 

historical datasets of land cover and vegetation at different spatio-temporal scales. Until 

recently, access to this mine of information was limited to the remote sensing 

community, with substantial resources required to conduct such analysis. Open 

datasets (initially the MODIS data, and eventually the Landsat archive) catalyzed 

changes in processing algorithm strategies, and the recent creation of the Google Earth 

Engine (GEE) has provided a tool for other end users to enact these new strategies. In 
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this article, we showed that the GEE platform provides an opportunity for engineers and 

scientists with limited knowledge of remote sensing to readily manipulate and extract 

information from remotely sensed data and create customized time series datasets and 

maps. 

We illustrated this potential with a case study of the severely degraded Palo 

Verde National Park wetland, located within the Tempisque watershed in Costa Rica. 

We used GEE to map the temporal evolution of NDVI and generate spatially aggregated 

NDVI time series over eleven polygons dividing the study area. The resulting time series 

encode patterns in both spatial and temporal vegetation dynamics. Landsat-based trend 

analysis on the resulting time series revealed a significant increasing trend. The case 

study also demonstrated how GEE facilitates detection of cloud-contaminated images 

and pixels, and simplifies comparison of the many imagery sources available for 

vegetation mapping in a common spatial framework and computing environment. The 

resulting vegetation time series will be tested against time series of covariates, such as 

human activities and natural processes in the Tempisque watershed, to draw inferences 

about the causal effects underlying the vegetation dynamics. 

For the sake of simplicity in this study, we considered NDVI as sufficient to 

capture the general vegetation dynamics, although its use for wetland systems can be 

limited by interference from high soil moisture. However, the general time series 

generation procedure described here can be applied for other indicators that can be 

generated within GEE. 

This analysis would not have been feasible with the limited resources available 

without GEE. Based on prior experience in other systems, we estimate that the effort 
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and cost involved in processing remote sensing data (e.g., acquiring imagery, software, 

and computing resources; image colocation, cloud screening, and filtering; time-series 

analysis) are at least an order of magnitude lower than with traditional approaches. 

Moreover, the GEE platform allowed easy comparison across processing platforms 

within a sensor family, and across different sensor types. By lowering the costs of 

historical image analysis, the GEE platform promises to catalyze scientific exploration of 

satellite archives across many disciplines.  
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Table 3-1. Properties of image collections selected for NDVI calculation and mapping in the Tempisque case study. 

Image Collection and  
Corresponding ID in GEE Description 

Start 
and End 
Dates 

Spatial /  
Temporal 
Resolution Pros (+) and Cons (-) 

Landsat TOA (LAN.TOA)      
LANDSAT/LT4_L1T_TOA 
LANDSAT/LT5_L1T_TOA 
LANDSAT/LE7_L1T_TOA 
LANDSAT/LC8_L1T_TOA 

L1T orthorectified and calibrated 
Landsat top-of-atmosphere (TOA) 
reflectance collections from Landsat 4, 
5, 7, and 8 scenes. TOA reflectance is 
the relative return of radiation leaving 
the outside of the atmosphere 
compared to what went in. Any 
atmospheric effects, such as haze or 
moisture, are convolved with the 
signal. 

Oct. 1984 
to 

Aug. 2015 

30 m / 
16 days 

+ Landsat 4, 5, 7, and 8 in the GEE data 
catalog. 

+ Finer spatial resolution. 
+ Longer temporal cover than MODIS. 
+ Metadata, including cloud cover. 
+ Thermal band allowing estimation of 

cloud cover at pixel scale. 
- Smaller temporal resolution than MODIS. 
- Many missing scenes for the area under 

study. 
- More variability between images. 
- NDVI has to be computed by user. 

Landsat LEDAPS (LAN.LEDAPS)       
LEDAPS/LT5_L1T_SR 
LEDAPS/LE7_L1T_SR 

LAN.TOA adjusted to Landsat surface 
reflectance imagery calculated by 
removing atmospheric effects using 
the LEDAPS algorithms (Masek et al., 
2006). 

Oct. 1984 
to 

Aug. 2015 

30 m / 
16 days 

Same as LAN.TOA, unless: 
+ Corrected for atmospheric noise. 
+ Less variability between images. 
- Only Landsat 5 and 7 are in the GEE 

data catalog so far. 
- No thermal band. 

Landsat 8 days NDVI (LAN.G-8dNDVI)      
LANDSAT/LT4_L1T_8DAY_NDVI 
LANDSAT/LT5_L1T_8DAY_NDVI 
LANDSAT/LE7_L1T_8DAY_NDVI 
LANDSAT/LC8_L1T_8DAY_NDVI 

Composites generated by Google from 
LAN.TOA scenes. Images include a 
single band for NDVI. The NDVI value 
at each pixel and for each period is the 
value from the most recent pixel. 

June 1984 
to 

Aug. 2015 

30 m / 
8 days 

Same as LAN.TOA unless: 
+ NDVI included as a band. 
- No metadata for cloud cover. 
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Table 3-1. Continued 

Image Collection and  
Corresponding ID in GEE Description 

Start 
and End 
Dates 

Spatial /  
Temporal 
Resolution Pros (+) and Cons (-) 

MODIS – U. 16 days VI  (MOD.U-16dNDVI)      
MODIS/MOD13Q1 
MODIS/MYD13Q1 

Generated by USGS-LPDAAC from 
atmospherically corrected bidirectional 
surface reflectance and masked for 
water, clouds, heavy aerosols, and 
cloud shadows. Images include two 
NDVI and EVI (enhanced vegetation 
index) bands. Scenes from the Terra 
and Aqua sensors are in two distinct 
collections. The VI in those datasets 
are multiplied by 10,000 to facilitate 
storage. 

Feb. 2000 
to 

July 2015 

250 m / 
16 days 

+ Finer spatial resolution than MOD.G-
16dNDVI. 

+ NDVI included as a band. 
+ Higher temporal resolution than 

Landsat. 
+ No missing scenes. 
- Shorter temporal coverage than 

Landsat. 
- Coarser spatial resolution than Landsat. 
- No metadata for cloud cover. 

MODIS – G. 16 days VI  (MOD.G-16dNDVI)      
MOIS/MCD43A4_NDVI Generated by Google by calculating 

the NDVI from the MODIS MCD43A4 
composite. Images include a single 
NDVI band. MCD43A4 is released by 
USGS-LPDAAC and includes scenes 
from the Terra and Aqua sensors with 
reflectance data adjusted using a 
bidirectional reflectance distribution 
function (BRDF) to model the values 
as if they were acquired with a nadir-
viewing sensor. BRDF corrects 
temporal variation caused by view and 
illumination geometry. 

Feb. 2000 
to 

July 2015 

500 m / 
16 days 

Same as MOD.U-16dNDVI unless: 
+ Corrected for BRDF effects. 
- Coarser spatial resolution. 
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Table 3-2. Number of images available per collection over the study area. The numbers 
100 and 25 for the Landsat collections indicate the cloud cover thresholds (%) 
under which images were selected. The numbers in parentheses in the 
second column indicate the number of images per satellite (Landsat 4, 5, 7 
and 8; MODIS Terra  and Aqua). The number of months without images and 
the percentage were calculated based on the dates of the first and last 
available images. 

Collection Total Number of Images 
(and Number per Satellite) 

Number of Months 
without Images (and 
Percentage of Total 

Duration) 

LAN.TOA 100 332 (17, 102, 164, 50) 164 (44%) 
LAN.TOA 25 184 (00312, 66, 83, 23) 241 (65%) 
LAN.LEDAPS 100 263 (101, 162) 180 (49%) 
LAN.LEDAPS 25 147 (65, 82) 258 (70%) 
LAN.G-8dNDVI 2715 (522, 1305, 772, 116) 143 (38%) 
MOD.U-16dNDVI 657 (356, 301) 0 (0%) 
MOD.G-16dNDVI 710 (NA) 0 (0%) 
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Table 3-3. Acquisition date and sensor origin of Landsat images used for the trend analysis on NDVIm.  

Acq. date - 
December 

Sensor Excluded polygons 
Acq. date - 

January 
Sensor Excluded polygons 

12/25/1987 TM4 none 01/28/1986 TM5 none 
12/22/1989 TM5 none 01/15/1987 TM5 none 
12/25/1996 TM5 none 01/12/1989 TM4 SW01 to 06, IN 
12/12/1997 TM5 none 01/23/1990 TM5 SW04-05 
12/05/2009 ETM+ none 01/10/1997 TM5 none 
12/24/2010 ETM+ SW04-05 01/13/1998 TM5 none 
12/27/2011 OLI none 01/16/1999 TM 5 SW01 to 06, IN 
12/27/2014 OLI none 01/27/2000 ETM+ none 
12/14/2015 OLI none 01/03/2003 ETM+ none 

   01/22/2004 ETM+ none 

   01/24/2005 ETM+ none 

   01/17/2008 ETM+ SW02 to 05 

   01/03/2009 ETM+ SW05 

   01/22/2010 ETM+ none 

   01/28/2012 ETM+ none 

   01/14/2013 ETM+ none 

   01/17/2014 ETM+ none 
      01/12/2015 OLI none 
   01/15/2016 OLI none 
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Table 3-4. Results from the Mann-Kendall trend analysis and linear regression on NDVIm values for the month of 
December. H0=1 means rejection of the null hypothesis of no trend at 0.05 significance level. Tau is the Kendall 
indicator. b0 and b1 are the independent term and regression coefficient respectively.  NDVI/year is the average 
annual rate of NDVI change. IN: irrigation network.  

  Mann-Kendall   Regression Analysis Images 
count   Tau H0 p-value   b0 b1 H0 p-value R2 NDVI/year 

Zone1 0.60 1 0.02   0.57 8.3E-06 1 0.02 0.50 0.0030 10 
Zone2 0.64 1 0.01  0.53 1.3E-05 1 0.01 0.65 0.0046 10 
Zone3 0.64 1 0.01  0.47 1.2E-05 1 0.01 0.59 0.0044 10 
Zone4 0.60 1 0.02  0.57 1.4E-05 1 0.01 0.55 0.0052 10 
SW01 0.33 0 0.21  0.54 1.0E-05 0 0.09 0.32 0.0037 10 
SW02 0.47 0 0.07  0.51 9.3E-06 0 0.10 0.30 0.0034 10 
SW03 0.60 1 0.02  0.59 9.6E-06 1 0.01 0.57 0.0035 10 
SW04 0.50 0 0.08  0.53 1.1E-05 0 0.08 0.38 0.0040 9 
SW05 0.44 0 0.12  0.59 9.1E-06 1 0.02 0.54 0.0033 9 
SW06 0.38 0 0.15  0.60 6.1E-06 0 0.11 0.29 0.0022 10 
IN 0.33 0 0.21   0.47 9.0E-06 0 0.18 0.22 0.0033 10 
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Table 3-5. Results from the Mann-Kendall trend analysis and linear regression on NDVIm values for the month of 
January. H0=1 means rejection of the null hypothesis of no trend at 0.05 significance level. Tau is the Kendall 
indicator. b0 and b1 are the independent term and regression coefficient respectively.  NDVI/year is the average 
annual rate of NDVI change. IN: irrigation network.  

  Mann-Kendall   Regression Analysis Images 
count   Tau H0 p-value   b0 b1 H0 p-value R2 NDVI/year 

Zone1 0.56 1 <.01   0.51 9.5E-06 1 <.01 0.55 0.0035 19 
Zone2 0.60 1 <.01  0.48 1.3E-05 1 <.01 0.61 0.0047 19 
Zone3 0.64 1 <.01  0.39 1.6E-05 1 <.01 0.71 0.0058 19 
Zone4 0.47 1 <.01  0.49 1.3E-05 1 <.01 0.47 0.0049 19 
SW01 0.44 1 0.02  0.43 9.3E-06 1 <.01 0.41 0.0034 17 
SW02 0.52 1 <.01  0.40 8.8E-06 1 <.01 0.46 0.0032 16 
SW03 0.58 1 <.01  0.48 1.3E-05 1 <.01 0.69 0.0049 16 
SW04 0.50 1 0.01  0.42 1.2E-05 1 <.01 0.56 0.0045 15 
SW05 0.59 1 <.01  0.45 1.5E-05 1 <.01 0.70 0.0055 13 
SW06 0.50 1 0.01  0.46 1.3E-05 1 <.01 0.56 0.0047 15 

IN 0.56 1 <.01   0.35 9.70E-06 1 <.01 0.47 0.0035 17 
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Figure 3-1. Map of Tempisque watershed, PVNP and wetland, and the locations of 
gauge stations for past and current monitoring of hydrological and 
meteorological variables. 
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Figure 3-2. River network and polygon delineation for the Tempisque watershed case 
study, with a zoom on PVNP. 
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Figure 3-3. Screenshot of the GEE playground and its main features: (1) code editor, (2) 
visualization interface, (3) private and personal script manager, (4) console 
displaying errors and outputs, (5) API reference documentation, (6) map 
inspector, (7) data catalog search bar, (8) geometry drawing tool, and (9) link 
for script access and sharing
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Figure 3-4. Flowchart of the steps implemented in the GEE API to obtain time series of spatially aggregated NDVI over a 

user-defined area, along with the inputs and outputs.
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Figure 3-5. Statistics of cloud cover for Landsat images. A) Boxplot of cloud cover 
percentage per month for the Landsat TOA scenes (1984 to 2015) covering 
the Tempisque watershed (tile path = 16, tile row = 53). The central line is the 
median, and box edges are the 25th (q1) and 75th (q3) percentiles. Points are 

shown as outliers if > q3 + 1.5(q3  q1) or < q1  1.5(q3  q1). The dotted 
horizontal line indicates the threshold above which images are excluded from 
further analysis. B) Number of images per month for LAN.TOA and LAN.G-
8dNDVI datasets (1984 to 2015) showing lower numbers of images during the 
rainy season (May through October). This is exacerbated when images with 
cloud cover greater than 25% are excluded (LAN.TOA 25). 
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Figure 3-6. Time series of NDVI monthly maximum median values. Median was 

calculated over the entire Tempisque watershed: A) Landsat TOA considering 
all scenes and pixels (gray lines) and excluding scenes with >25% cloud cover 
and pixels with >15% cloud cover (black lines); B) Landsat LEDAPS; C) 
Landsat 8-day NDV; D) MODIS 16-day NDVI by Google; and E) MODIS 16-
day NDVI by USGS-LPDAAC. 
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Figure 3-7. Comparison of the NDVI monthly maximum median values generated from 
one set of satellite imagery as compared to another. Median was calculated 
over the entire Tempisque watershed. For the LAN.TOA and LAN.LEDAPS 
collections, the numbers on the axis labels indicate the percentage of cloud 
cover above which images (first number) and pixels (second number, only 
applies to LAN.TOA) have been excluded. 
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Figure 3-8. Multi-temporal maps of NDVI values for Tempisque and Palo Verde National 
Park. A) From LAN.TOA 25 15 collection in March 1986 (Landsat 5) and 
March 2011 (Landsat 7). Yellow arrow points the wetland greening 
phenomena – i.e. closing of open water space – between 1986 to 2012. B) 
From MOD.U-16dNDVI during dry (March 2014) and wet (October 2014) 
seasons. Color scale ranges from black (NDVI <= 0; no vegetation) to bright 
green (NDVI = 1; highest density of green vegetation). 
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Figure 3-9. Time series of NDVI monthly maximum median values over a subset of three 
polygons (Figure 3-2). Median calculated over the entire Tempisque 
watershed. White background color: from Landsat-TOA excluding scenes with 
>25% cloud cover and pixels with >15% cloud cover at the pixel scale 
(LAN.TOA 25 15). 
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Figure 3-10. Examination of the vegetation phenological stage at the December and 
January months selected for trend analysis.  Black line is the NDVIm time 
series obtained from MODIS (MOD.G-16dNDVI) for the polygon SW03. Red 
dots indicate the MODIS NDVIm values during the months of December and 
January. Vertical lines indicate the acquisition dates of the Landsat TOA 
(LAN.TOA) images used for trend analysis for the December (green) and 
January (blue).  
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Figure 3-11. Time series of spatially aggregated NDVI values for the month of December 
and for each polygon in Figure 3-2, and linear regression on the median 
values.  Central black dots show the median values (NDVIm), and bars the 
25th- 75th (black) and 2.5th-97.5th (grey) percentiles.  
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Figure 3-12. Time series of spatially aggregated NDVI values for the month of January 

and for each polygon in Figure 3-2, and linear regression on the median 
values.  Central black dots show the median values (NDVIm), and bars the 
25th- 75th (black) and 10th-90th (grey) percentiles.  
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CHAPTER 4 
COUPLING GROUND MONITORING WITH MODIS TO FATHOM WETLAND WATER 
DYNAMICS AND RECONSTRUCT SPATIOTEMPORAL HYDROPERIOD HISTORY. 

Wetlands are subject to increasing pressure worldwide, which threatens the 

numerous functions they provide (Junk et al., 2012; Lotze et al., 2006). Hydroperiod, 

defined here as “the periodic or regular occurrence of flooding and/or saturated soil 

condition” (Marble, 1992), is the major controller of their functional ability and ecological 

composition (Mitsch and Gosselink, 2007; Murray-Hudson et al., 2015; Osland et al., 

2011b). Therefore, wetlands management and restoration decisions need to be taken in 

light of a systemic understanding of hydroperiod spatiotemporal dynamics (Hollis and 

Thompson, 1998; Richter et al., 1996).  

The 8,586 ha Palo Verde National Park (PVNP) coastal tropical wetland is one of 

the places of highest biodiversity and ecological value in Costa Rica, as recognized by 

its Ramsar convention status (Figure 4-1). It has been severely degraded during the last 

four decades by invasive vegetal species - dense cattail (Typha domingensis), Palo 

Verde tree (Parkinsonia aculeata), and zarza-bush (Mimosa pigra) that outcompeted 

other species, and have closed open water space (Sasa et al., 2015; Trama et al., 2009). 

The encroachment of these species into PVNP has led to a loss of biodiversity and has 

severely diminished the ability of the wetland to serve one of its main functions, as a 

stopover and feeding site in the flyway of thousands of regional and migratory water 

birds (Trama et al., 2009). Many hypothesize that the degradation of the wetland resulted 

from the combined effect of PVNP’s changing internal management practices, and long-

term disruption resulting from the upstream transformation of the watershed following the 

inter-basin water transfer project for hydropower generation and irrigated agriculture in 

the late 1970s (Figure 4-1) (Alonso et al., 2016; Convertino et al., 2016; Jiménez et al., 
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2001; Murcia et al., 2016). Yet, there is still little understanding of the long-term drivers 

and mechanisms underlying these changes.  

The systematic study of large impacted wetlands like PVNP requires data with 

sufficient spatiotemporal resolution and timespan to capture the system’s spatial 

heterogeneity, seasonal variability, and inter-annual climatic variability to allow the 

separation of natural versus anthropogenic drivers. Wetland monitoring networks that 

provide such data are rare because of  the tediousness and cost associated with large 

scale monitoring of these typically constrained-access areas (Finlayson CM & Spiers AG 

(eds), 1999; McCarthy et al., 2001).  

The multi-temporal and multi-spectral remote sensing database is a useful tool to 

view global land cover (McCarthy et al., 2001) and reconstruct the system’s history 

(Alonso et al., 2016; Donchyts et al., 2016; Hansen et al., 2013; Lu et al., 2004). It 

therefore provides a promising opportunity to bridge the PVNP wetland hydrology 

knowledge gap. Several spectral algorithms have been proposed to detect open water 

features from remote sensing measurements, ranging from single band thresholding 

(Wolski and Murray-Hudson, 2006; Work, 1976), various spectral ratios (Johnston and 

Barson, 1993; Ozesmi and Bauer, 2002), or more sophisticated algorithms (Donchyts et 

al., 2016; Pekel et al., 2014). Generally, the scaled spectral ratio of the radiance R 

measured in two individual spectral bands has been broadly used to successfully 

discriminate between distinct land features. This normalized difference index (NDI) is 

defined as: 

NDIij = 
Ri − Rj

Ri + Rj
 (4-1) 



 

93 

where Ri and Rj are the reflectance measured in two regions of the spectrum. 

(McFeeters, 1996) first proposed a variation of this spectral index (SI), the normalized 

difference water index (NDWI), for water detection. The index combines the green and 

near infrared (NIR) bands for 𝑅𝑖 and 𝑅𝑗 in equation 4-1, respectively, to account for the 

property that water strongly absorbs the radiation in the NIR region while it is more 

strongly reflected by other land cover features, and that the reflectance in the green 

wavelength is similar for both vegetation and soil, therefore minimizing the background 

effect. Hence, null or positive values of the index theoretically indicate the presence of 

water, while negative values indicate the presence of other land cover features. (Xu, 

2006) replaced NIR by short-wave infrared (SWIR) in NDWI to increase the contrast 

between water and buildings or other man-made structures features. They show that a 

manual adjustment of the thresholded SI can lead to better performance for water 

feature delineation.  (Gao, 1996) proposed an identically named SI, but it was designed 

to monitor liquid water content in vegetation canopies, and therefore monitor drought. 

The index contrasts reflectance in the NIR and SWIR in equation 4-1, based on the 

property that liquid water strongly absorbs in the SWIR region. This same index has also 

been used to detect soil moisture, and therefore is also known as land surface water 

index (LSWI) (Chandrasekar et al., 2010; Xiao et al., 2005).  

For wetland systems, water detection is challenging due to the complex land cover 

(water/vegetation/soil) and the resulting spectral confusion. However, studies have been 

able to successfully utilize remote sensing data to monitor wetland hydric status 

(Johnston and Barson, 1993). (Ji et al., 2009) showed that the wavelength interval 

selected for the SWIR band impacts the NDWI value and its sensitivity to other land 
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cover classes in the case of mixed pixels. The same study showed the sensitivity of the 

SI threshold for water detection to the relative proportion of water and other features 

populating the pixel. (Lacaux et al., 2007) were able to successfully detect ponds with a 

two-level classification tree combining a variation of McFeeters’ NDWI, and a single 

SWIR band to account for the different reflectance in the SWIR region of the spectrum 

generated by different soil types. Vegetation indices have shown to be useful to help 

distinguish water from dry land  (McCarthy et al., 2001; Ozesmi and Bauer, 2002). 

However, (Chandrasekar et al., 2010) showed that the LSWI performed better to monitor 

increases in soil and vegetation liquid water content as compared to the normalized 

difference vegetation index (NDVI, i.e. red and NIR wavelength in equation 4-1), 

especially during the early part of the growing season. Studies have successfully 

detected water in systems where vegetation and water features are intertwined such as 

estuarine wetlands (Yan et al., 2010) and paddy fields (Xiao et al., 2005), by using the 

so-called difference in value in EVI and LSWI index (DVEL), where EVI stands for 

enhanced vegetation index, an alternative index for vegetation monitoring (Huete et al., 

2002). (Ordoyne and Friedl, 2008) tested empirical models to predict wetlands hydro 

patterns on the Everglades (Florida, USA) based on several candidate SIs including 

Gao’s NDWI, Tasseled Cap coefficients (Kauth and Thomas, 1976) calculated from the 

1km MODIS Nadir Bidirectional Reflectance Function Adjusted Reflectance imagery, and 

ancillary data. They used daily groundwater elevation from the FL South Florida Water 

Management District's Environmental Database measurements for model design and 

calibration. They found the strongest correlation with the Tasseled Cap wetness index 



 

95 

across a range of surface vegetation types, and used their model to build a 16-day map 

sequence of water depth and flooding likelihood over the course of a year.  

Most wetland studies have applied spectral images for wetland delineation, classification, 

wetland extend intra and inter-annual variability, vegetation succession, and change 

detection. In most cases, studies are based on a reduced set of images and mainly 

target vegetation (Ozesmi and Bauer, 2002). Photointerpretation techniques or satellite 

images of finer spatial resolution are commonly used to calibrate and evaluate the 

spectral algorithm (Lacaux et al., 2007; Xu, 2006). This calibration and validation method 

has limitations when mapping wetland hydroperiod because saturated soils or shallow 

water table cannot be reliably spotted through visual interpretation. Remote sensing for 

wetland studies has therefore been proven successful, yet some gaps remained, 

especially when focusing on wetland hydroperiod. Besides the validation that is difficult 

with visual interpretation, studies have also most often made prior assumptions in the 

spectral algorithm to use, and have most often worked with reduced number of images 

and time span. 

In this study, we leveraged two recent technical innovations that could 

substantially improve the spectral algorithm performance for wetland hydric status 

detection and long-term, high frequency hydroperiod mapping: (i) the advent of the 

cloud-based Google Earth Engine platform that allows access to a massive satellite 

imagery repository, and the ready extraction, manipulation, mapping and spatial 

aggregation of spectral values over a large volume of images at unprecedented speed; 

(ii) the increase in affordable, commercially available and readily deployable field 

sensors for high frequency water monitoring. These sensors allow hydrological ground 
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monitoring to train and calibrate appropriate spectral algorithm identifiers, particularly in 

remote regions, and provide detailed insight about precise water elevation and 

hydrological processes at a finer spatiotemporal scale that could be overlooked when 

only considering remote sensing outputs. Thus, to define and calibrate a spectral 

algorithm that captures the study wetland hydric status we use the 500 m MODIS land 

surface reflectance product MOD09 coupled with 15-minute resolution field groundwater 

and surface water elevation data collected at 8 different locations during 2 to 10 years. In 

a first step, we used a two-class system for wet and dry status of the wetland and 

executed supervised learning to define a spectral algorithm that performs best at 

predicting water from the MOD09 images using the 7 MOD09 spectral bands and 24 of 

the most commonly used spectral indices found in the literature as input variable. Hence, 

the spectral algorithm can be either of these bands and spectral indices, or a 

combination of them in a classification tree mode. In a second step, we assessed the 

capability of the spectral algorithm to capture the relative variability of the wetland hydric 

status.  We applied the final spectral algorithm to the MOD09 collection to map wetland 

hydroperiod from year 2000 to 2016. We also evaluated the ability of alternative MOD09 

datasets and quality assurance filters to deliver quality data while maximizing the 

temporal resolution. The novelty of this work is that it combines a high frequency water 

level dataset with the powerful GEE platform that allows the identification of an optimal 

filter for data quality, and for a rapid systematic search among a large array of 

possibilities to detect the spectral algorithm for hydric status detection that best fits the 

specificity of the study area. The processing capabilities of GEE also allow to map and 

spatially aggregate the spectral algorithm to a high number of images at high speed, 
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giving an unprecedented insight into the PVNP wetland long-term spatio-temporal 

hydroperiod, and any other wetland systems to our knowledge.     

Materials and Methods 

Study Site 

The PVNP is located in the downstream portion of the Tempisque watershed in 

the Guanacaste province of NW Costa Rica. It covers an area of more than 18,450 ha, 

amongst which 8,586 ha are classified as coastal freshwater wetland (Figure 4-1). The 

wetland is listed as a RAMSAR Wetlands of International Importance. The PVNP is 

located at the downstream portion of the Tempisque watershed, which was highly 

transformed with the implementation of an inter-basin water transfer for hydro-power 

generation and irrigation project in the late 1970s (Edelman, 1987; Jiménez et al., 2001; 

Zuñiga, 1993). The Tempisque and Bebedero rivers draining the watershed border the 

PVNP and merge at its southern edge at the mouth of the Gulf of Nicoya (Figure 4-1). 

The rivers bordering the wetland are influenced by tides propagating from the Gulf. The 

irrigation network is located to the immediate north east of the wetland.  The region is 

tropical, with marked wet and dry seasons, and under the influence of El Niño Southern 

Oscillation (Waylen and Harrison, 2005; Waylen and Laporte, 1999). Annual rainfall at 

the PVNP averages around 1325 mm with a standard deviation of 471 mm from May to 

November (http://www.ots.ac.cr/meteoro/). Wetland soils are vertisol clay soils (Soil 

Survey Division Staff, 1993), with % clay consistently higher than 55% (Stipo, 2015) and 

with similar properties across the entire wetland (Appendix B). The PVNP wetland is 

divided into 6 zones – here, we refer to these zones as sub-wetlands. These sub-

wetland divisions were originally used by cattail rangers when the area was pastured to 

http://www.ots.ac.cr/meteoro/)
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designate localities, and more formally delineated later on based on different bio-physical 

traits of each area (Figure 4-1). 

Standing water typically starts accumulating at the beginning of the rainy season 

to reach over 1 meter high locally, and then slowly goes down to dry out completely. 

However, it exhibits a spatio-temporally heterogeneous hydrologic regime due to an 

uneven topography and perturbation of complex hydrologic processes by water input 

sources at the boundaries. The PVNP is located at the mouth of the Gulf of Nicoya, 

between the two tidal Tempisque and Bebedero rivers, a vast irrigated agricultural 

district, and a tropical dry forest, all of which likely contribute water to the system and 

influence the hydroperiod dynamics (Figure 4-1). The timing, relative contribution, and 

importance of those different sources of water have not been investigated because of the 

difficulty of obtaining access for observation and monitoring in such wetland systems. 

The only information to help characterize the hydrologic regime of this system has been 

collected through observational reports and minimal monitoring of one part of the PVNP, 

the Palo Verde Laguna sub-wetland (Figure 4-1) (Calvo Alvarado and Arias, 2007). 

Considering the central role of water in wetland structure and function, characterizing the 

spatiotemporal dynamics of the PVNP wetland hydroperiod and its hydrological 

connections with the host watershed, and scrutinizing the system history is a critical step 

to unveil the drivers of any observed ecological shifts and inform efficient management 

and restoration policy. 

Ground Measurements 

We instrumented six shallow (2 to 3 m) monitoring wells with self-contained 

pressure transducer sensors (Solinst Leveloggers, Solinst Canada Ltd.) to record 15 min 

stage levels starting in May 2013. We used atmospheric pressure data from a barologger 
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(Solinst Canada Ltd.) located at the nearby weather station (Figure 4-1) to perform 

barometric compensation of the data. Data collection from five out of the six stations 

were complemented with collocated surface water level data collected from sensors 

(Solinst Leveloggers, Solinst Canada Ltd.) placed in adjacent surface stilling wells (Table 

4-1).  In April, 2016, we replaced the sensors with CTD-10 probes (Decagon Devices, 

Inc.). A river stage height monitoring station (platform, stilling well and CTD-10 probe) 

was installed in the Tempisque river to measure the river influence on the wetland 

hydrology (Figures 4-1 and 4-2). Two additional surface water level stations CA01 and 

CA06, initially installed as part of previous short-term studies in 2003 and 2008 (Calvo 

Alvarado and Arias, 2007), were re-instrumented and included in our analysis (Table 4-

1). We chose monitoring locations to provide relatively even spatial coverage by 

repurposing an abandoned network of observation wells from the previous short-term 

study, and installing an additional well (WL02) 97 m away from the new river monitoring 

station. The locations of these monitoring locations were close to footpaths or service 

roads to enable ease of access and data retrieval. The remote southern portion of the 

wetland was not instrumented because it was too difficult to access. Rainfall data from 

the nearby meteorological station (Figure 4-1) was obtained from the Organization for 

Tropical Study online database (http://www.ots.ac.cr/meteoro/). A linear correction was 

applied on rainfall data to correct for systematic bias introduced by the successive 

replacements of the monitoring instruments (Appendix C). 

In this study, we used data collected from May 2013 to October 2016. We were 

unable to collect groundwater during part of the dry season in 5 of the 6 sites because 

the water table fell below the shallow monitoring well depth at that time.  

http://www.ots.ac.cr/meteoro/)
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Satellite Data 

We used the MODIS surface reflectance product MOD09, a 500 m resolution 

imagery dataset computed from the MODIS Level 1B product (Table 4-2). These data 

are corrected for the effects of atmospheric gases, aerosols and thin cirrus clouds 

(Vermote et al., 2009). MOD09 is broadly used for land cover monitoring and global 

changes. We chose this product because it is open-access, has a sub-daily temporal 

resolution, and enables water monitoring by covering the visible, NIR and SWIR region 

of the light spectrum (Table 4-2). MODIS was preferred over Landsat, another open-

access product that covers the equivalent region of the spectrum with finer spatial 

resolution and longer time coverage, but with low (15-day) temporal resolution. In 

particular, the lower satellite revisit frequency impedes the availability of a cloud-free 

Landsat dataset of sufficient temporal resolution to capture seasonal dynamics in this 

often overcast tropical area (Alonso et al., 2016).  

MODIS products are recorded by the twin sensors aboard the satellites Terra 

(launched on 12/18/1999) with morning overpass time in the Northern hemisphere, and 

Aqua (launched on the 05/04/2002) with afternoon overpass time. The MOD09 product is 

released in separate datasets for Terra (MOD09) and Aqua (MYD09). In this manuscript, 

we will use the name “MCD09” when discussing the combined datasets from Terra and 

Aqua instruments. The MCD09 surface reflectance product includes daily and 8-day 

composite products (MCD09GA and MCD09A1, respectively). Each pixel in MCD09A1 is 

made of the best observation recorded in an 8-day period. Both datasets were 

considered in the analysis. 

Data quality assessment at the pixel level is an essential step to support 

successful applications from MODIS products (NASA LP DAAC, 2014; Roy et al., 2002; 
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Vermote et al., 2009). Therefore, we proceeded to a multi-step quality screening (Fig. 4-

3). We first verified the quality of each band at the pixel level with the reflectance band 

quality layer that come with the MOD09 product (Table 4-2). Secondly, we evaluated 

alternative filters for cloud cover and shadow with the StateQA layer (NASA LP DAAC, 

2014), and for cloud cover by thresholding the blue band at 0.1 as in (Sakamoto et al., 

2005).  We also tested the effect of excluding pixels with sensor zenith angles higher 

than 32.25 degree as in (Sakamoto et al., 2005) to account for possible neighbor effects. 

In total, 9 combinations of alternative filtering criteria were tested (Table 4-3) on 2 SIs 

extracted at the pixel overlapping with the water monitoring station WL01. The 2 SIs 

were the tasseled cap coefficients (Xiaoyang Zhang et al., 2005) and NDWI from (Gao, 

1996). We selected these indices for the preliminary analysis as they were proposed for 

water detection in the Everglades National Park (Ordoyne and Friedl, 2008), a similar 

system to PVNP wetland. We retained the dataset that minimized unstructured variability 

while displaying the highest temporal resolution.  

Candidate Spectral Indices 

We tested a range of candidate SIs by using the measured reflectance in the 7 

segments of the spectrum provided in MCD09 product (bands 1 to 7, Table 4-2) and 

arithmetic operations between bands from the published literature. Those operations are 

(i) simple band ratios; (ii) derivations of the NDWI built by combining alternative pairs of 

bands in equation 3-1, chiefly by interchanging the NIR band with the three bands falling 

in the SWIR range (Table 4-2) in the two model equations from McFeeters (1996) and 

Gao (1996); (iii) different versions of the DVEL index (Yan et al., 2010) by subtracting the 

computed NDWIs from EVI; (iv) the common vegetation indices NDVI, EVI, and 

transformed vegetation index (TVI ); and (v) the three tasseled cap coefficients 
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(brightness TCb, greenness TCg, and wetness TCw) (Zhang et al., 2002) . We specified 

the MODIS band numbers in candidate indices in the SI subscripts. We evaluated a total 

of 31 indices (Figure 4-3). 

Spectral Algorithm Identification 

Binary dry/wet classification for wetland hydric status 

We extracted the spectral reflectance at the pixels that overlay the location of the 

water monitoring stations and computed the candidate spectral indices (Figure 4-2 and 

4-3). They were stored in a conjoined table with the corresponding water level. For cases 

in which station location was bordering the overlapping pixel, the neighbor pixel was 

selected if it seemed more representative based on in-situ observations (Table 4-2).  We 

used first the groundwater elevation data from station WL01 as a training dataset, 

because unlike the other stations, it exhibits a tight connection between surface and 

groundwater levels and serves as a reliable indicator for wetland surface hydric status.  

Water level data were coded as binary values for wet (1) and dry (0) wetland 

status. Wetland is considered to be wet when the groundwater depth is less than 0.2 m. 

This negative (below surface) value was chosen to account for (i) high soil moisture 

content in the top soil layer under shallow water-depth; and (ii) intra-pixel ground surface 

elevation variation where distinct locations covered by a pixel can be exhibiting standing 

water and very shallow ground water simultaneously (Figure 4-2). 

The resulting dataset was plugged into a classification decision tree to identify the 

spectral algorithm. We determined optimal tree branching  by seeking the partitions that 

minimize the number of misclassified points on each node using the Gini’s diversity index 

(gdi) (Coppersmith et al., 1999): 
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𝑔𝑑𝑖 = 1 −∑𝑝2(𝑖)

𝑖

 (4-2) 

where 𝑖 is the class, and p(i) is the fraction of class i over the total, in this case 2. The 

classification tree was conditioned by a minimum number of leaves per node to control 

tree depth and avoid overfitting. Ten-fold cross-validation was used with an incremental 

number of imposed minimum leaf number to determine the optimal minimum number of 

leaves, and assess the resulting algorithm prediction accuracy.  

We tested the robustness of the algorithms on the data collected by the other 7 

stations by building a confusion matrix assuming the wetland was dry under -1.5m, and 

wet above -0.2m with respect to ground surface elevation. When measured at 

intermediate depth, the water level was classified into a third category, to account for the 

uncertainty introduced by the effect of the capillary fringe length on the soil top layer 

hydric status as detected by spectral measurements (Figure 4-5). 

Assessment of SI sensitivity to moisture state dynamics 

Beyond simple binary (wet/dry) detection, we assessed the capability of a single 

spectral index to represent the relative moisture state and dynamics. Using Pearson’s 

correlation coefficient, we first selected the index most strongly correlated with the water 

level at WL01 station. To evaluate the index’s ability to capture moisture status 

dynamics, we transformed the final spectral index and water level to a common scale 

using unit normalization:   

𝑋𝑛𝑜𝑟𝑚=  
𝑋 − 𝑋𝑝1

𝑋𝑝99 − 𝑋𝑝1
 (4-3) 
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where 𝑋 is the variable to normalize and 𝑝1 and 𝑝99 are the 1st and 99th percentiles of 

the ground water level data from the 6 stations. To exclude outliers, we used percentiles 

instead of minimal and maximal values.  

We repeated the comparison for the 2 longer-term surface water level datasets CA01 

and CA06 to assess the robustness of the index beyond the calibration time-span. For 

consistency, we used the parameters in Equation 4-3 obtained for groundwater levels 

and spectral index normalization. 

Sub-Wetland Hydroperiod Time Series and Multi-Temporal Maps  

We applied the spectral algorithms identified with supervised learning for dry/wet 

detection and moisture state variability to the ensemble of MODIS images and pixels 

populating the wetland area (Figure 4-3).  In a preliminary step, we masked 

contaminated pixels with the selected filter. Then, we generated various products that 

can further the understanding of the PVNP wetland hydroperiod spatio-temporal 

dynamics. Those products are: (i) Time-lapse videos of Palo Verde wetland hydric status 

including all quality images available to enable observation of possible sudden or 

temporary flooding events that would otherwise be missed with composite maps. Images 

with more than 10% of masked pixels over the PVNP wetland area were excluded from 

the videos; (ii) Composite maps of inter-annual monthly averages and standard 

deviations of wetland hydric status; (iii) Subweekly and monthly time series of the sub-

wetlands hydric status statistics. Images with more than 10% of masked pixels over the 

corresponding sub-wetland area were excluded. 
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Analysis Software 

We used the Google Earth Engine platform (Google, 2015) to execute pixel-level 

multi-band spectral value extractions, image compositing, time-lapse videos, and pixel 

spatial aggregation.  We exported the pixel-level multi-band spectral values in Matlab 

R2014b to compute the spectral indices, evaluate the alternative filters, and execute the 

classification decision tree with the Matlab fitctree function. 

Results and Discussion 

Water Level Time Series 

Figures 4-4 and 4-5 show an overall strong seasonal pattern in water table 

elevation, with a magnitude of annual fluctuation higher than 4 m. During the wet season 

the wetland fills up with water, with flooding duration and maximum annual standing 

water depth varying significantly across the stations, from 0.19 m to more than 1.5 m at 

the lowest elevation wetland point. During the dry season, the water level falls to levels 

under 2.8 m below ground (Figure 4-5A). Beyond this seasonal signature, our results 

show a complex water dynamics pattern with spatial differences in the filling and drying 

patterns. Stations WL01 and WL06 exhibit a gradual response to changing conditions 

with a slow and steady rise and fall rate. Conversely, the stations WL03, WL04 and 

WL05 show a different pattern with sudden, high fluctuations. The patterns observed in 

WL03, WL04 and WL05 suggest a disconnect between ground water level and surface 

water (Figure 4-5C). This is likely caused because when vertisol soils are moistened, 

they swell, which drastically reduces their conductivity. Thus, they act like a seal isolating 

the ground water from surface water that accumulates by infiltration excess. 

Groundwater level data from the WL02 station show that there are recurrent river 

bank overflow events that are large in magnitude (Figure 4-4 bottom): Groundwater 
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levels escalate during the major spring tides, when the water level exceeds the river 

bank, and flows into the wetland and infiltrates the aquifer. The groundwater level at the 

point of measurement is usually 0.3 to 1.2 m higher than the subtidal level in the 

Tempisque river, suggesting that aquifer is being discharged into the river body. 

However, river water and tidal pressure waves can progress into the groundwater body, 

especially during half of the tidal cycle when water is rising (Halbert and R. E. Jensen, 

1996). This is confirmed by daily and smaller frequency tidal oscillations detected in the 

river water level and groundwater signals (not shown). The more uniform water levels 

measured from May 2013 to January 2014 is likely a result of the disconnect between 

surface water and groundwater (Figure 4-5D). During that year, there was higher than 

average rainfall, especially in the beginning of the rainy season, which might have sealed 

the upper soil layer and isolated the groundwater from surface water. Another possible 

explanation is that it is a result of insufficient well development, in which case our 

observed measurements should be disregarded because they do not show actual 

dynamics. Additional wells should be installed and monitored to determine the validity of 

the current measurements and for a thorough characterization of the water flow 

dynamics, the effect of tidal variation on the flow direction, and the interactions between 

tidal fluctuation and salinity transport. 

Overall, the monitoring data shows that wetland hydric status dynamics are 

controlled by mixed influences from the water table, rainfall, runoff and river-bank 

overflow, and that the surface water that can be decoupled from the water table. As a 

result, water table elevation data should not be considered as a sole indicator for wetland 

hydric status dynamics (Figure 4-5).   
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MODIS Dataset Selection  

Filters evaluated with the two spectral indices TCw and NDWI26 indices showed 

that the filter 4 (blue band threshold) maximized the trade-offs between quality of pixels, 

temporal resolution and year-long coverage. Datasets filtered with filter 4 plotted against 

water level have the highest number of data points that mostly fall within the envelope of 

datasets filtered with the strictest filter 9 (Appendix D, Figure D-5). Additionally, Figure 4-

6 shows that the time series of the data filtered with the filters 4 and 9 follow the similar 

pattern that is much more structured than the raw data (filter 0), but that the data from 

filter 4 have a higher frequency and better temporal coverage.  

Figure 4-6 also shows that the MYD09 dataset consistently exhibited higher 

unexplained and unstructured variability. Therefore, it was rejected for use to detect 

water (Figure 4-6). This is likely caused by remnant thin or small clouds undetected by 

the filter, since the overpass time of the Aqua satellite is during the afternoon, when 

convective atmospheric behavior prevails. As the filtered daily dataset MOD09GA closely 

matched the 8-day composite MOD09A1 (Figure 4-6), that was chosen as our dataset 

for analysis. The daily dataset MOD09GA is also preferred for analysis, since the exact 

date of image acquisition is known, as compared to 8-day uncertainty inherent to 

MOD09A1 products. 

Spectral Algorithm for Wet/Dry Wetland Hydric Status Detection 

The ten-fold cross-validations with an incremental number of imposed minimum 

leaf numbers showed that a single rule decision algorithm had an equivalent or higher 

prediction accuracy than deeper trees. Compound indices or multiple level trees did not 

improve the model. The best cut-off predictor was found to be NDI26, the normalized 

difference between band 6 for SWIR (1628-1652 𝜇𝑚) and band 2 for NIR (841-876 𝜇𝑚), 
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with a 0.254 threshold value. Pixels with equal or higher values are classified as 

exhibiting some degree of wetness. It is the equivalent to Gao (1996)’s NDWI index 

developed for plant water content and drought detection. The prediction accuracy for the 

WL01 training dataset was 90%. We applied the spectral algorithm to the other water 

level monitoring stations, and they successfully identified 86% of the data (Figure 4-8 

and Table 4-4). This illustrates the robustness of the spectral algorithm regardless of the 

differing vegetation and topography characteristics from one location to another. The 

observed wetland hydric status for the confusion Table 4-4 was based on ground-water 

level data, unless standing water was recorded in the surface water monitoring well. In 

those cases, the measured hydric status was categorized as ‘wet’ regardless of the 

aquifer level. For example, Figure 4-8 shows cases when the wetland was predicted wet 

for water-table elevation below 2 m, which is attributed to a deep capillarity fringe in soils 

of such high clay content, and to soil surface drying time longer than the time it takes for 

the water table to drop to lower levels.  

The prediction as wet status amid a predicted dry period in June 2014 for WL01, 

WL03 and WL06, is an example of the effects illustrated in Figure 4-5C.  Rainfall 

moistens the wetland surface in the beginning of the rain season when the aquifer water 

level is still deep underground. It is also likely the result of pixel size effect (Figure 4-2). 

This is confirmed by the measurement of standing water during that time frame at station 

CA01, 700 m away from station WL01 (Figure 4-1).  

The prediction of wet status from 05/2013 to 01/2014 at station WL02, although 

the water level was monitored below 1 m, supports the hypothesis that groundwater was 

disconnected from standing water by extremely low infiltration rate at the top soil layer. 
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While the spectral algorithm fails at consistently detecting flooding events by river 

overbank flow events, there was a higher frequency of wet status detected during dry 

season at station WL02 when the flooding from the river occurs. The weak detection of 

flooding events can be to the pixel size aggregation. Water from lower intensity flooding 

events is likely not reaching further than a couple of hundred meters within the 500x500 

m pixel. Hence, the reflectance signal response to the flooding event attenuated by a 

mixture of wet and very dry soil reflectance. Also, this part of the wetland contains taller 

and denser vegetation, with a large number of Parkinsonia aculeata trees, which likely 

dampens and interferes with the water reflectance signal.  

Spectral Index for Relative Wetness Degree Detection 

NDI26 displayed the strongest correlation with the measured water elevation at 

the station WL01 (r2 = 0.79, Appendix D, Figure D-6). NDI27 displayed the second 

highest correlation coefficient (r2 = 0.74), and 5 other indices ranged between r2 = 0.6 

and 0.7. Comparison of normalized water level and NDI26 at the other locations (Figures 

4-10 and 4-11) confirm that the index captures the temporal moisture dynamics. The 

correspondence between SI value and water level back to 2003 in Figure 4-10 also 

confirms the robustness of the index to perform beyond the time frame used for SI 

identification. The NDI26 value at the pixel overlapping station WL02 effectively detected 

measured flooding events, although the absolute values were usually below the 

threshold for wet/dry prediction (red arrows in Figure 4-9).  

Multi-Temporal Maps and Aggregated Time Series  

Overall, the seasonal pattern of the overall wetting and drying dynamics in the 

wetland is captured by the SI following expectations and conceptual understanding for 

the area (see time-lapse Object 4-1 videos, composite maps in Figure 4-11 and 
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Appendix D, Figure D-7, and aggregate time series in Figure 4-12 and 4-13). The 

wetland’s wettest months are from June to December. However, the standard variations 

of the SI values show a high inter-annual variability, especially at the onset of the rainy 

season from May to August (Appendix D, Figure D-7). The MODIS-derived products 

reveal substantial differences in hydric status dynamics amongst different locations. The 

Palo Verde sub-wetland mostly displays an expansion-reduction wetting-drying pattern 

seemingly driven by precipitation and evapotranspiration, with the lowest elevation point 

drying the latest (Figure 4-11). The core of the Nicaragua sub-wetland wetted area 

exhibits a high inter-annual variability, with some parts remaining dry year-long. Piedra 

Blanca, Varillal and Poza Verde appear to keep higher moisture levels year-long, which 

as explained before is probably due to lateral seepage and river bank over-flow from the 

Tempisque river (Fig. 4-5D). Occurrence of higher SI values at the Palo Verde sub-

wetland riverine fringe confirms that the river does influence hydric status in this area. 

The Poza Verde sub-wetland demonstrates the wettest hydric status year-long as 

compared to the other sub-wetlands and a strong inter-annual variability.  This higher 

moisture content might be a result of the nearby river and intermittent stream entering 

the sub-wetland and runoff water from the irrigation district. Multi-temporal maps also 

reveal a strong influence of the Tempisque and Bebedero rivers at the southern corner, 

where they border the Nicaragua sub-wetland. This area is detected wet almost 

continuously. Bocana displays the highest SI values, with smaller intra-annual but higher 

inter-annual variations. This is a supporting evidence that the water from the adjacent 

irrigated agricultural district flow down the wetland. The wetter stripe in the Nicaragua 

sub-wetland spotted in Figure 4-11 might result from the accumulation of this water, 
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although it may also originate from an intermittent stream diverging from the Tempisque 

river, or be a lower elevation stripe where precipitation water collects.  

Object 4-1. Videos of wetland hydric status. 

Conclusions 

Methodological Findings 

We coupled field water monitoring data and 500m daily land surface reflectance 

MODIS imagery to successfully depict the spatio-temporal dynamics of a medium scale 

seasonal wetland hydroperiod from 2000-2016. We used groundwater and surface water 

elevation measurements to train and test supervised learning for a spectral algorithm 

identification and elucidate finer temporal scale hydrologic behavior of the wetland.  

The most robust spectral algorithm was NDI26, normalized difference index 

contrasting the NIR (841-876 𝜇𝑚) and SWIR (1628-1652 𝜇𝑚) bands. Thresholding this 

index at 0.234 allowed to successfully classified pixel as wet or dry. But the study also 

showed that the absolute value of the index was indicative of the relative hydric status 

dynamics.  

Blue band thresholding at 0.1 was shown to be sufficient to eliminate low quality 

pixels in this tropical region, while retaining over four times more data than the most 

restrictive filters, and ensuring year-long coverage. This study found that in this area 

there was higher variability and apparent unstructured noise in the data from Aqua 

satellite as compared to Terra. This was likely due to the afternoon overpass time of 

Aqua and the cloud cover that can affect the collected signal, even though the automatic 

screening process did not detect it. This indicates the necessity of evaluating both 

datasets separately before using either or both for analysis or detection of water. We 

found that in our conditions there were non-significant differences between outputs from 

https://figshare.com/s/eb8cd237d8cd3bf7f463
https://figshare.com/s/eb8cd237d8cd3bf7f463
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daily MOD09GA and 8-day MOD09A1 imageries. Therefore, daily datasets should be 

used if that is the desired timescale or if knowledge of image date acquisition is 

important to a study.  

A comprehensive picture of the complex wetland hydric signature was explored by 

means of time-lapse videos of the MODIS-derived wetland hydric status, multi-temporal 

maps and time series for wetland fraction wet and NDI26 statistics. Using the cloud-

based Google Earth Engine platform enabled and expedited this study.  Although the 

results are specific to this region, the methods developed here can be applied to other 

wetlands to study degradation due to hydroperiod disturbances.  

Implications for the PVNP Wetland 

The field monitoring data showed a strong cycle with a succession of extreme dry 

and wet seasons, and spatial heterogeneity in ground-water level dynamics. Evaluating 

the field data also identified the unexpected occurrence of decoupling events between 

the ground-water and surface water storage. This was from saturated surface soil layers 

swelling, sealing the wetland, and allowed input water to accumulate at the surface, 

while the ground water remained below the ground surface elevation. We also detected 

river bank overflows 100 m inland during major spring tides.  

The MODIS-derived products showed a high spatial heterogeneity of wetland 

hydroperiod, and evidence of exogenous water sources - the surrounding rivers and 

irrigation district - partially controlling the hydroperiod. Beyond hydroperiod, the influence 

of the irrigation district is an important finding as it shows how agrochemical may have 

been entering the wetland. This strong connection between the PVNP and surrounding 

water sources highlights the importance of taking wetland management and restoration 

decisions while taking the entire watershed into account. Future studies will use a time 



 

113 

series of spatially aggregated SI for wetland wet fraction and NDI26 statistics to further 

examine inter-site variability, seasonal patterns and possible historic changes, and 

search for causal-effect relationships and underlying mechanisms.  
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Table 4-1.  Starting date and ancillary information of paired groundwater and surface water elevation stations. The study 
data is from May 2013 to October 2016. 

Groundwater Surface water % of coinciding pixel 
covering wetland 

area 

Sub-wetland location (Figure 4-1) and  
ancillary information  Station 

ID 
Date start Station 

ID 
Date start 

WL01 05/14/13   100 Palo Verde. Neighboring pixel south of 
overlapping one selected. 

WL02 05/13/13 CA11 04/25/15 84 Palo Verde. 97 m north of the Tempisque 
river edge and a river stage monitoring 
station. 

WL03  05/02/13 CA07 05/01/14 88 Piedra Blanca. Borders wetland area. 
WL04 05/02/13 CA08 05/02/14 100 Varillal. Borders wetland area. 
WL05 05/02/13 CA09 05/03/14 100 Poza Verde. Borders wetland area. 
WL06 05/02/13 CA10 05/04/14 93 Bocana. Borders wetland area. 
  CA01 05/01/03 100 Palo Verde. In the wetland lowest elevation 

area. No data from 02/07/2008 to 9/22/2010. 
Neighboring pixel south of overlapping one 
selected. 

  CA06 07/29/10 93 Bocana. Neighboring pixel east of overlapping 
one selected. Location can transform in a 
waterway where runoff water concentrate.   
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Table 4-2. MCD09 bands and layers used for wetland hydric status mapping and quality assurance. 

Data sets   Unit Scale factor Resolution 

Reflectance bands         

Band number 
Wavelength range 

[m] 
        

Band 1  620 - 670 Red Reflectance 0.0001 500 m 
Band 2 841 - 876 NIR Reflectance 0.0001 500 m 
Band 3 459 - 479 Blue Reflectance 0.0001 500 m 
Band 4 545 - 565  Green Reflectance 0.0001 500 m 
Band 5 1230 - 1250 SWIR 1 Reflectance 0.0001 500 m 
Band 6 1628 - 1652 SWIR 2 Reflectance 0.0001 500 m 
Band 7 2015 - 2155 SWIR 3 Reflectance 0.0001 500 m 

Quality assessment bands         

Reflectance band quality  Bit Field  -- 500 m 
State QA   Bit Field  --  500 m (MCDA1)  1 km 

(MCDGA)      
Sensor zenith angle    Degree 0.01 1km 
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Table 4-3. Filter combinations tested for pixel-level quality screening. The 1-4 filtering 
criteria certifies that pixel: (1) is clear of cloud cover (State QA metadata); (2) 
is clear of shadow (State QA metadata); (3) blue band reflectance is smaller 
than 0.1; and (4) sensor zenith angle is smaller than 32.25 degree.  

Filter nb Filtering criteria 

Filter 0 null 
Filter 1 1 
Filter 2 2 
Filter 3 1, 2 
Filter 4 3 
Filter 5 4 
Filter 6 3, 4 
Filter 7 2, 3, 4 
Filter 8 1, 2, 4 
Filter 9 1, 2, 3, 4 

 
 
Table 4-4. Table of confusion for the spectral algorithm used for wet and dry wetland 

status detection. 

    Observed 

    

Dry 
 (<-1.5m) 

Wet  
(>-0.2m) 

-1.5m < WTE 
< -0.2m 

P
re

d
ic

te
d
 

 

WL01 (training data) Dry 191 30 106  

 Wet 1 275 39  

WL03 - CA07 Dry 361 5 5  

 Wet 115 81 22  

WL04 - CA08 Dry 280 1 45  

 Wet 36 90 54  

WL05 - CA08 Dry 388 3 21  

 Wet 54 52 35  

WL06 - CA10 Dry 242 1 23  

 Wet 41 69 134  

WL02 - CA11 Dry 5 52 299  

 Wet 0 56 138  

All Dry 1467 92 499  

  Wet 247 623 422 

  Correct predictions = 86.0%  
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Figure 4-1. PVNP and wetland in the context of the Tempisque watershed, including 

locations of water level monitoring wells, weather station, and 6 labelled sub-
wetland units (Palo Verde, Piedra Blanca, Varillal, Poza Verde, Bocana and 
Nicaragua).  
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Figure 4-2. Scale difference between point and remote sensing measurements. A) MODIS image clipped for PVNP 

wetland, and location of ground monitoring stations and overlapping pixels used for SIs calculations. 
Background layer and inset (A) are the 15 m 2016 TerraMetrics satellite imagery baselayer. B) Conceptual 
representation of the possible influence of pixel size on within-pixel hydric status heterogeneity. Transect I-I’ 
along a hypothetical area falling within the boundaries of a MODIS pixel shows that varying topography results 
in water table being monitored under the ground surface at one point (Well B) while another location within the 
same pixel (Well A) can exhibit standing water. MODIS sensors record a single confounded spectral signature 
for the mixed wet / dry pixel area.    
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Figure 4-3. Flowchart of the method followed for the spectral index identification and wetland hydroperiod mapping.
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 Figure 4-4. 15-minute water table elevation (WTE) and surface water elevation (SWE)) 
for the 6 monitoring stations in meters above sea level (asl). Daily rainfall from 
RN01 station is provided on the top for reference. Ground surface elevation 
(gse) at the location of the WTE monitoring well is indicated on the left of 
each graph. WTE and SWE monitoring wells are 1.5 m apart, except for the 
WL01-CA01 pair which are 700 m apart. Elevation of WL05 and CA01 station 
was estimated at 2.8 and 1.345 m, respectively. Light grey data in WL02-
CA11 subplot indicates the tidally influenced river stage measured at the 
gauge station. The grey area depicts tidal range, and high tide water levels 
are dark grey. 
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Figure 4-5. Wetland soil column profiles illustrating different phenomena controlling the 
soil top layer moisture content, and the corresponding detection by the 3 type 
of sensors used in this study. It indicated whether the wetland hydric status is 

detected wet (◼) or dry (◼) by spectral measurements (MODIS), groundwater 

elevation (GWE) and surface water elevation (SWE) monitoring wells. Dark 
blue represents the aquifer, dots in the soil above the water table () 
represent the capillary fringe, and sky blue to brown the wetland soil of 
decreasing soil moisture content. RN: rainfall; RO: runoff and/or river bank 
overflow; ET: evapotranspiration. A) Dry wetland: the water table and 
capillary fringe do not reach the top soil layer, no other input sources. B) 
Capillary fringe: the capillary fringe saturates the top soil layer, which is 
sensed by spectral measurements but not the monitoring wells. C) Excess 
rainfall or runoff: input water intensity exceeds infiltration rate. It saturates the 
top soil layer although the water table is deep. This is exacerbated as the 
vertisol soil swells, reducing the hydraulic conductivity to an extremely low 
value. Water starts ponding if the water input lasts, in which case both MODIS 
and SWE detect the wetland surface as wet. D) Lateral flooding. E) Saturated 
soil: resulting from the transitioning from (B) or (D) after a sustained input of 
water, which saturates the entire soil column. Additional water ponds at the 
surface.
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Figure 4-6. Time series of spectral indices to evaluate the different MOD09 products 
and selected filters. Pixel-level TCw and NDWI indices for the pixel overlaying 
the monitoring station WL01. Contrasting marker color and size are used to 
evaluate the effect of alternative MODIS sensor sources (Aqua - MYD or 
Terra - MOD), collections (daily - 09A1 or 8-day composite – 09GA), and 
filtering criteria (filter 0, filter 4 and filter 9, Table 4-3) on the final image 
number and reliability. 

 

 

Figure 4-7. Effect of monthly average number of unmasked pixels for different MOD09 
products and filters. Images from 2000 to 2016. Pixels overlaying with WL01 
station are used. 
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Figure 4-8. 15-minute resolution ground water elevation (GWE) and surface water 
elevation (SWE), flagged with wet/dry status as detected with spectral 
algorithm. For clarity, SWE data was only plotted when standing water was 
measured. Dashed lines correspond to the 1.5 to 0.2 m water table depth 
interval for which the corresponding surface hydric status as detected by 
remote sensing was considered as uncertain due to capillary fringe.  
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Figure 4-9. Comparison of normalized measured surface water elevation (SWE), and 
groundwater elevation (GWE) with the normalized spectral index NDI26. For 
clarity, SWE is only plotted when standing water was measured. NDI26 is 
calculated from the MOD09GA imagery. Data filtered with the selected filter 
(f4) and the most restrictive filtering rules (f9) are shown for quality 
assessment. NDI26-f4 is smoothed using a 3-point moving average. (**) and 
gse at the left y-axis indicate the normalized threshold value of NDI26 for 
wet/dry prediction, and ground surface elevation, respectively. Red arrows 
show matching responses in NDI26 and GWE. Rainfall and  river stage (first 
and last panels) represent components aside ground-water elevation 
controlling surface hydric status (see Fig. 4-6). Dashed line in the last panel 
corresponds to the river bank level.  
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Figure 4-10. Comparison of normalized measured surface water elevation (SWE) at the 
monitoring stations CA01 and CA06 with the normalized spectral index 
NDI26. Data are normalized using the minimum and maximum values from 
the entire ground water monitoring stations dataset.  NDI26 is calculated from 
the MOD09GA imagery. Data filtered with the selected filter (f4) and the most 
restrictive filtering rules (f9) are shown for quality assessment. NDI26-f4 is 
smoothed using a 3-point moving average.  
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Figure 4-11. Maps of inter-annual averages and standard deviation of monthly averaged binary hydric status calculated 
from thresholded NDI26, from MOD09A1 imagery. Wet: blue; Dry: yellow. Images ordered from May to April (water year). 
TR: Tempisque river; BR: Bebedero river; ID: irrigation district; DF: dry forest. i: Palo Verde sub-wetland; ii: Piedra Blanca; 
iii: Varillal; iv: Poza Verde; v: Bocana; vi: Nicaragua.
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Figure 4-12. Long-term time series for each sub-wetland of the estimated fraction of the 
area categorized as wet. Numbers between brackets in titles indicate the 
number of pixels included in each polygon. From MOD09A1 dataset filtered 
with filter 4. 

 



 

128 

 

Figure 4-13. NDI26 time series of aggregated pixels for each sub-wetland. Black line are 
median values, grey are percentiles 25th and 75th, blue are percentiles 10th and 
90th; red is minimum and maximum. From MOD09A1 dataset filtered with 
filter4. 
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CHAPTER 5 
PARADOXICAL EVIDENCE OF INCREASING FLOODING IN A COASTAL WETLAND 

CAUSED BY UPLAND OVERUSE AND DRYING OF A RIVER 

In many regions around the globe, river fluxes is decreasing due to increasing 

water withdrawal from river bodies or the aquifers feeding them for agricultural, industrial 

or domestic use by a growing population, and climate change (Hoekstra and Mekonnen, 

2012; Meybeck, 2003; Seager et al., 2007). There has been an increasing interest in 

studying the implications of such water flow alteration on coastal systems during the last 

two decades. Studies have demonstrated effects of changes in watershed hydrology and 

river discharge on salinity intrusion (Kaplan and Muñoz-Carpena, 2014; van Rijn, 2011), 

river navigability, sediment transport (Ganju et al., 2004; Winterwerp and Wang, 2013), 

ecology (Kukulka, 2003a; 2003b), to name a few. This reveals the high sensitivity of 

costal systems to upstream changes, and highlights the importance of understanding the 

impact of change in river discharge on tidal-river interactions for water resources 

management, including reservoir operation, and climate change studies.  

In tidal reaches, the water level is the sum of the tidal water level (oscillation 

frequency higher than 1 day-1) and subtidal water level (water level filtered low-pass 

filtered from tidal frequencies) whose signal propagates both seawards (river) and 

landwards (ocean/sea) (Laurel-Castillo and Valle-Levinson, 2016). River fluxes affects 

tidal current by a linear additive effect of tidal and river fluxes, and also interacts 

nonlinearly with the tides by distorting and dampening them (Parker, 1991). Therefore, 

an increase in river flux results in an increase in the subtidal water level, and a decrease 

in tidal amplitude. Typically, an increase in river discharge results in an overall increase 

in water level, and vice-versa (Figure 5-1A). In this study, we hypothesized that in some 

type of river segments, where the tidal amplitude / total water level ratio is >0.1, the 
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relationship between discharge and water level can be reversed (Fig. 5-1). In other 

words, in a tide dominated river segment, decrease in subtidal water level from 

decreasing discharge can be lower than the increase in tidal amplitude (Figure 5-1B).  

Therefore, an increase in river discharge results in lower high tide water level, and a 

decrease in river discharge results in higher high tide water level. Due to the flat 

topography typical to coastal plain areas, slight increases in river water level can 

potentially trigger changes in the frequency and intensity of flooding events, which 

threatens the biological value and function of these ecosystems (Hupp and Osterkamp, 

1996; Millennium Ecosystem Assessment, 2005c; Morris et al., 2016). 

The internationally recognized Palo Verde National Park wetland in northwest 

(NW) Costa Rica might exemplify such impairment. This Ramsar Convention coastal 

wetland witnessed a dramatic vegetation shift during the last 4 decades, with the 

invasion of cattail (Typha domingensis), Palo Verde tree (Parkinsonia aculeata), and 

zarza-bush (Mimosa pigra) (Alonso et al., 2016b; Sasa et al., 2015). It resulted in severe 

loss of biodiversity and a degradation of the wetland’s major function as a sanctuary for 

local and migratory birds (Osland et al., 2011c; Trama et al., 2009). Yet, there is little 

understanding of the drivers and mechanisms underlying these changes. 

The 35-km lower section of the Tempisque river braces the Palo Verde wetland 

before it flows out to the Gulf of Nicoya (Figure 5-2). The Tempisque watershed 

witnessed drastic changes in the late 1970s with construction of an inter-basin transfer 

for hydropower generation and irrigated agriculture. The subsequent change in land-use 

and uncontrolled and excessive surface and groundwater withdrawal for irrigation and 
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agro-industry led to a decrease in the river discharge (Calvo Alvarado et al., 2008; 

Guzmán-Árias, 2014; Mateo-Vega, 2001).  

The wetland hydroperiod exhibits a strong dry/wet seasonal pattern. It typically 

floods up as the rainy season starts, and dries completely during the dry season. 

However, this dry/wet regime has been shown to be tightly connected with the 

surrounding rivers, mainly through river bank overflow during major spring tides (Chapter 

4). Local individuals report an increasing magnitude and frequency of those flooding 

events (Dr. Mahmoood Sasa, Pers. Comm.). Recurring flooding events and associated 

evapoconcentration of the salt which is usually naturally present in low concentration in 

the Tempisque river (Chapter 2), might be sustaining the slow transition of the wetland to 

a salt-marsh. This phenomenon can also have triggered the observed vegetation shift. 

Besides the hydrological and biological implications, these floods act as breeding sites 

for mosquitoes. The resulting mosquito population explosions constitute a nuisance and 

potential increase in exposure to vector-borne diseases like dengue for the local 

community and visiting tourists. These can result in detrimental impacts on the local 

economy,  as tourism is a major economic asset in Costa Rica (WTTC, 2015). Hence, it 

is of primary importance to understand the drivers of these floods in this and similar 

regions around the world.   

The objectives of this study were to test whether the lower Tempisque river was 

experiencing the response hypothesized above (that river discharge attenuates the tidal 

cycle and reduces the frequency of tidal flooding on the river watershed—or wetlands), 

and assess the effect of the decrease in river water level on the increase in wetland 

flooding. As a representative system we studied the Tempisque tidal river reach at the 
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most renown section of the wetland, the Palo Verde Laguna sub-wetland at river 

kilometer 16 (Figure 5-2). We measured water level every 15 minutes at the Tempisque 

river for 3 years (May 2013 and July 2016). We used two independent time series 

decomposition techniques to determine the type of relationship existing between the 

water level of the river and the river discharge at the study point. This pioneering study 

aimed to assess the validity of the tidal amplification hypothesis, the implications of 

upland river water overuse for coastal wetlands, and provide guidance for future work. 

Material and Methods 

Study Site  

The Tempisque river is located in the Guanacaste Province in NW Costa Rica, is 

approximatively 155 km long, and flows into the Gulf of Nicoya (Figure 5-2). The tides 

from the Gulf propagate approximately 60 km upriver near the town of Filadelfia (Mateo-

Vega, 2001). The Tempisque river drains a 5,412.3 km2 area, of which 2,050.2 km2 is 

drained by the Bebedero river that converges with the Tempisque river at the outlet, at 

approximately river Km 1 (rKm1). The region is tropical wet/dry, it alternates between a 

dry and wet season. The annual rainfall average is 1460 mm, with most of the 

precipitation occurring from May to November, and the temperature in this area has little 

variation with average of 26.7±1.2ºC. The river discharge displays a seasonal pattern, 

with an annual discharge at LaGuardia station (TWCA02, Figure 5-2) averaging 25.96 

m3/s with standard deviation of 53.3 (Chapter 2).  

The Tempisque watershed has been facing drastic changes during the last 4 

decades with the inter-basin transfer from the Arenal reservoir supplying a hydropower 

generation plant and an irrigation canal network (Figure 5-2). This enabled a transition 

from an extensive cattle grazing to an intensively irrigated agricultural system. The 
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change in agricultural model and the growing population triggered an increased 

uncontrolled water withdrawal from rivers and groundwater for irrigation, agro-industry 

and domestic consumption (Guzmán-Árias and Calvo-Alvarado, 2012), and a persisting 

water scarce context despite the water-transfer (SENARA, 2011). These changes 

coupled with changes in forest resettlement  (Alonso et al., 2016); Chapter 3) resulted in 

a decrease in the Tempisque river discharge (Calvo Alvarado et al., 2008; Jiménez et al., 

2001; Mateo-Vega, 2001).  

The lower Tempisque river borders the Palo Verde National Park (PVNP) and 

wetland at the basin outlet from rKm1 to rKm36 (Figure 5-1). This river segment is funnel 

shaped, with a 920 m cross-section width at the mouth of the Gulf (river km 0, rKm0) to 

less than 50 m at rKm36, and is influenced by tidal currents. Flow velocity 

measurements at rKm16 showed that the tidal flow reverses the river flow direction 

during floods (Chapter 2). Salinity longitudinal profile in April 2014 measured a 25 km 

salt intrusion length, with specific electrical conductivity at the mouth around 15 mS/cm, 

and 0.25 mS/cm at rKm25 (Chapter 2). The river inundates the wetland through river-

bank overflow at high spring tides (Chapter 4). Less often, the river floods because of 

extreme climatic events. 

Data 

Daily river discharge time series data recorded from 1953 to 2012 at TWCA01 

station at rKm94.5 (N10.564; W85.593) and daily rainfall data measured at 3 locations 

(TWRN06; TWRN11; TWRN45) were used to calibrate a rainfall-runoff model, and 

simulate discharge for the timespan of interest for this study, from 05/2015 to 07/2016 

(Figure 5-1; Chapter 2). Since the rainfall dataset used for calibration didn’t cover the 

timespan of the study, rainfall data (PVRN01) from the weather station located in the 
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PVNP (Figure 5-2) were used for discharge simulation. We verified that both locations 

displayed similar pattern and identified a correction factor by comparing them using a 

period during which available data overlapped (Appendix E). 

We measured surface water elevation of the river at PVCA02 station at rKM16.4 

(N10.325; W85.340) at a 15-minute resolution from 5/11/2013 to 7/15/2016 using a self-

contained electrical pressure transducer sensor (Solinst Leveloggers, Solinst Canada 

Ltd.). We used data from a pressure transducer probe (Barologger, Solinst Canada Ltd.) 

located at the local weather station (Figure 5-2) to perform barometric compensation of 

the data. To protect the sensor from silty water (a product of the river bed’s loose 

composition), we hung the sensor at about 1 m above the bottom of the river, which 

prevented measurement of the full tidal water level semi-diurnal oscillation. We used 

cubic spline interpolation to estimate the missing readings that resulted from the sensor 

being above the water level. There were two periods of missing values between 

12/07/2014 to 12/09/2014, and 10/15/2015 to 12/15/2015 that were the result of sensor 

malfunction.  We chose the monitoring location at PVCA02 so that we could measure the 

river’s influence on the most renown part of the wetland, the Palo Verde Laguna (Figure 

5-2). We obtained 15-minute resolution meteorological data from the collocated full 

weather station installed in the PVNP and operated by the Organization for Tropical 

Studies (Figure 5-2). 

River Discharge Transfer Functions Simulation  

Net river flow in a tidal reach is very difficult to measure because the signal is hard 

to separate from the tidal fluxes (Jay et al., 1997). Therefore, discharge gauging stations 

are typically located above the head of the tide (Moftakhari et al., 2013). For this study, 

we used the monitoring station LaGuardia (TWCA01) at rKm96.4 as a proxy measure 
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location for downstream river discharge. We assumed the downstream flow dynamics to 

be well-captured at this gauge location, since the annual rainfall pattern is similar across 

the watershed (Mateo-Vega, 2001). Since the data available for the TWCA01 station did 

not overlap with the river stage height dataset, we designed and calibrated a rainfall-

runoff model to simulate the river discharge during the period of interest, from 5/11/2013 

to 7/15/2016.  

We modeled the river discharge using the transfer function method (Jury and 

Fluhler, 1992; Mattern and Vanclooster, 2009; van der Velde et al., 2006). This method 

computes the output (here the river discharge, Q) as the convolution between an 

imposed input and a weighted distribution function, the transfer function, summed to a 

residual: 

 
𝑄𝑠𝑖𝑚 (𝑡) =  ∫ 𝑤ℎ(𝑢)𝑅𝑁(𝑡 − 𝑢) + 𝑍(𝑡)

∞

−∞

 (5-1) 

   

where 𝑄𝑠𝑖𝑚  is the simulated discharge (L3T-1) at a time t, ℎ(𝑢) is the transfer function 

(L2T-1), 𝑢 is the time lag between the time the water enters the system as rainfall, and the 

time it enters the stream gauge (T), 𝑅𝑁 is the rainfall (L), 𝑤 is a weighting factor (-), and 

𝑍 is the noise and intrinsic error in time t (VT-1). The transfer function, or travel time 

distribution of water, can be defined as the time spent by a water particle in a catchment 

from its entrance into it as rainfall until its passage onto a point where streamflow is 

measured (Botter et al., 2011). It reflects the diverse paths a rainfall drop can take to 

reach the gauged stream (Kirchner et al., 2000). The transfer function can be 

approximated with a probability density function whose type and defining parameters 

vary with the physical properties of the catchment. We chose a 2-parameter Gamma 

probability function, as it can take a wide range of shapes as it shape parameter varies, 
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hence allowing to mimic catchments of various configurations and physical properties 

(Godsey et al., 2010): 

 
ℎ(𝑢) =  

1

𝛽𝛼Γ(𝛼)
𝑢𝛼−1𝑒−𝑢/𝛽 (5-2) 

 
where 𝑢 is the time lag, 𝛼 is the scale parameter, 𝛽 is the rate parameter, Γ(𝛼) is the 

gamma function evaluated at 𝛼. The mean travel time can be approximated as the 

product of 𝛽 and 𝛼. The exponential function is a special case of the gamma function 

when the scale parameter 𝛼 equals 1. We identified the function parameters and weight 

factors by inverse modeling of the discharge time series with the Global Multi Search 

Coordinate (GMSC) algorithm, which combines a global minimum search and local 

minima searches with a multilevel approach (Huyer and Neumaier, 1999); (Lambot et al., 

2002). We tested different model configurations by applying several transfer functions 

and summing the final result to account for different time scales, and routing the rainfall 

through alternative functions depending on the cumulative rainfall during the 5 days prior 

to account for previous soil moisture conditions. We also evaluated two objective 

functions for the GMSC algorithm: the mean square error (MSE) and root mean square 

error (RMSE), the first penalizing extreme discharge values more than the second. We 

selected the best model configuration based on the performance evaluated with the 

Nash and Sutcliffe efficiency coefficient (NS, 22). We calibrated the model on data 

collected from 01/01/1982 to 01/01/1985, as it represented a pre-development, pristine 

condition and there were minimal amounts of missing rainfall data during this period. 

To capture the discharge dynamics at the downstream PVCA02 station, we 

transformed the simulated discharge from 0 to 1 using unit-based normalization. For 
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consistency with the  tidal analysis procedure presented below, we smoothed the 

resulting data with a Lanczos filter and a window length centered at 15 days. 

Signal Decomposition and Response to River Discharge Forcing 

Tides are caused by changing gravitational effects of the moon and the sun as 

they change their positions relative to the rotating Earth.  In addition to the resulting 

diurnal or semi-diurnal oscillations, astronomical forcing is causing tidal range variation 

at different time scales. The most noticeable changes are the spring and neap tides that 

correlate with the phases of the moon and with the alignment of the Earth – moon – sun.  

However, there are less obvious intra- and inter-annual variations, such as the ones 

caused by the changing distance between moon and Earth, changing angle of the plane 

of the Moon-Earth orbit relative to the Earth’s equatorial plan, or the lunar nodal cycle 

(Parker, 2007). Tidal waves entering a river propagate upstream, distort, and eventually 

disappear due to the effect of bottom friction and river flow (Parker, 2007). River flow 

affects tidal current by linear additional effects of tidal and river fluxes, and also interacts 

nonlinearly with the tides. This, added to the quadratic bed-stress in shallow rivers, leads 

to the transfer of tidal energy to new frequencies - the overtides - which distorts the 

shape of the tide  away from a perfect sine curve and dampens them (LeBlond, 1978; 

Parker, 2007; 1991).  In an “ideal” tidal river governed by astronomical forcing, constant 

river flow and other external conditions, the water level variation can be accurately 

predicted as a superposition of harmonic constituents of constant amplitude and phase:  

 𝑤𝑙 = 𝑤𝑙0 + ∑ 𝐴𝑗sin (𝜔𝑗𝑡 + 𝜙𝑗)
𝑀

𝑗=1
 (5-3) 

where 𝑤𝑙 is the water level, 𝑤𝑙0 is an average height, 𝜔 is the angular frequency of the 

different harmonic constituents whose periodicity is known due to our detailed knowledge 
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of astronomical forcing and tide hydrodynamics, 𝜙 is the phase lag, and 𝑡 is the time. 

The number and periodicity of tidal constituents needed to explain the full tide signal 

variability and its amplitude and phase is dependent on the location on Earth, and the 

system configuration (i.e. in rivers, the width, length and river bed material). This 

information can theoretically be obtained from the analysis of a short term time series 

water level dataset at the study site. However, natural tide rivers are impacted by 

changing nontidal phenomena that impact the subtidal water level and interact with tides, 

which can modify their range, shape and timing. The most influential subtidal 

phenomena that influence these dynamics are changes in wind speed and direction, 

atmospheric pressure fluctuations, and changes in river discharge and water density 

(Parker, 2007). Therefore, Equation 5-1 could be rewritten to allow those components to 

be time dependent: 

 𝑤𝑙 = 𝑤𝑙0(𝑡) + ∑ 𝐴𝑗(t)sin (𝜔𝑗𝑡 + 𝜙𝑗(𝑡))
𝑀

𝑗=1
 (5-4) 

Under these considerations, the study of the surface water level changes under 

varying external climate and hydrological factors should examine both the subtidal water 

level and the temporal variation of the tidal constituents. 

Harmonic analysis 

We obtained the harmonic constituent amplitudes and phases in the observed 

water level data with harmonic analysis utilizing the UTide Matlab package (Codiga, 

2011). We considered the constituents as significant with respect to the raw data only if 

their signal to noise ration (SNR) was higher than 2, the default value.  

We first executed the analysis on the entire water surface elevation dataset, and 

used these outputs to reconstruct a tidal series during the same period with the UTide 
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package. The residual between measured and reconstructed data is an indication of 

system response to forcing other than astronomic. Since this study looks at flooding 

caused by high river water level, we focused only on the maximum water level of each 

oscillation. We compared the residuals between the reconstructed and observed 

maximum water levels of each oscillation to simulated river discharge as a first step to 

elucidate the maximum water level response to fluvial forcing.  

Second, we executed the harmonic analysis on two segments corresponding to 

periods of high and low discharge, from 10/01/2013 to 10/31/2014, and from 03/01/2014 

to 03/31/2/14 respectively, and compared the resulting harmonic constituent amplitudes 

and phases to examine the effect of discharge on each individual constituent. 

Temporal change of subtidal and tidal signals 

We extracted subtidal water level with a low-pass Lanczos filter (Emery and 

Thomson, 2014) centered on a 15-day window length. We subtracted the solar semi-

annual (SSA, 182.63 j) and solar annual (SA, 365.26 j) oscillations computed with the 

UTide package from our recorded signal to exclude any variations caused by 

astronomical forcing. We considered that any remaining signal variation was caused by 

external phenomena as described previously.  

We examined the temporal change of the dominant periodicities detected in the 

residual using the complex demodulation technique (Emery and Thomson, 2014). This 

technique expresses water level as the sum of a periodic signal of interest and all other 

signals (𝑍), and considers the amplitude 𝐴 and phase 𝜙 of the harmonic constituent to 

vary slowly as compared to the frequency 𝜔: 
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𝑤𝑙(𝑡) = 𝐴(𝑡)cos (𝜔 + 𝜙(𝑡)) + 𝑍(𝑡) 

(5-2) 

Expressed in the complex form, Equation 5-2 becomes 

 𝑤𝑙(𝑡) =
𝐴(𝑡)

2
[𝑒𝑖(𝜔𝑡+∅(𝑡)) + 𝑒−𝑖(𝜔𝑡+∅(𝑡))] + 𝑍(𝑡) (5-3) 

The temporal change of the amplitude 𝐴(𝑡) is obtained after multiplying Equation 5-3 by 

exp(−𝑖𝜔𝑡) (the actual demodulation) and filtering out the remaining signal from 

frequency equal or higher than 𝜔, using the Lanczos low-pass filter.  We then filtered the 

resulting signal again with an additional 15-day low-pass Lanczos filter to eliminate the 

fortnightly modulation arising from the interaction of the semidiurnal and diurnal 

constituents.  

The Lanczos filter by nature reduces the input data’s tails by half the length of the 

filter. Since a split dataset increases the number of tails, its filtering results in a much 

shortened output, which can result in a substantial loss of information if the filter length is 

long with respect to the length of the input data. To avoid this shortcoming, we used 

UTide to reconstruct and fill the time series corresponding to the two periods of missing 

values in our dataset. We replaced those values as missing after filtering out the data. 

Estimation of Flooding Volume for Changing Water Levels 

We estimated the effect of change in water level caused by the tidal amplification 

phenomenon on flooding time and volume based on a 1-year segment of the observed 

data, from 05/13/2013 to 05/12/2014. The annual flooding volume per river meter length 

was calculated as  

 𝑉 = ∫
ℎ(𝑡)

2

1

0

𝑣𝑑𝑡 (5-4) 
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where 𝑣 is the flooding velocity, 𝑑𝑡 is the time interval in fraction of year, and ℎ(𝑡) is 

defined as 

 ℎ(𝑡) = {
0 𝑖𝑓 𝑆𝑊𝐸 ≤ 𝑅𝐵𝐸

𝑆𝑊𝐸 − 𝑅𝐵𝐸 𝑖𝑓 𝑆𝑊𝐸 > 𝑅𝐵𝐸
 (5-5) 

 

where 𝑆𝑊𝐸 is the river surface water elevation, 𝑅𝐵𝐸 is the river bank elevation, and 𝑣 is 

the cross sectional flooding velocity (L/T). We estimated the flooding velocity with 

Manning’s equation: 

 𝑣 =  
1

𝑛
𝑅ℎ
2/3
𝑆1/2  (5-6) 

 

where 𝑛 is the Manning roughness coefficient (-), 𝑅ℎ is the hydraulic radius (L), and 𝑆 is 

the slope (L/L). We considered Manning coefficients ranging from 0.051 to 0.091, which 

corresponds to a roughness coefficient for a firm soil with minor degree of irregularity, 

negligible obstruction, and medium to large amount of vegetation (Arcement and 

Schneider, 1989). Since the flooding flow can be considered as a shallow flow through a 

very wide rectangular channel, hydraulic radius was approximated as depth and was 

therefore time dependent. The estimated slope was 0.023 and was calculated based on 

the 0.226 m elevation difference measured between the river gauge station and a gage 

station 97m inland. We assumed to flow onto the wetland during the rising tide only. 

Under the assumption that the water level tidal oscillations are symmetrical, this justifies 

the division of the water depth term ℎ(𝑡) by 2 in Equation 5-4. 
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The 15-minute water level time series dataset was resampled to a 1minute 

resolution dataset with cubic spline interpolation and the integral in Equation 5-4 was 

approximated for this partitioned time-series. 

We computed the annual flooding time and volume for the measured water level, 

and for water level decreasing or increasing by up to 10 cm. We simplified by assuming 

that any change in water level applies uniformly thorough the year. Hence, we repeated 

the flooding time and volume estimations resulting from the measured water level time 

series incrementally translated vertically from -10 to +10 cm. 

Results and Discussion 

River Discharge Simulation 

We obtained the best fit between measured and simulated discharge using the 

single rainfall dataset TWRN45, and found that the model configuration that gave the 

best fit was the combination of the two transfer functions in series: the first optimized with 

MSE to better capture the discharge peaks, and the second with RMSE to capture the 

slowly varying base flow (Figure 5-3). The first transfer function is close to an exponential 

function with a shape factor of 1.34, a mean travel time of 3.02 days and a weight factor 

of 3.91. It explains most of the reconstructed signal variability, and attests to the fast 

catchment response rate to rainfall events. The second transfer function has a much 

longer tail, with a shape factor of 2.64, a mean travel time of 76.72 days, and a weight 

factor of 2.58. The final NS on the daily values was 0.52, and the fit was improved to 

0.68 when the data were filtered with a 15-day low pass filter. Although the model 

reproduces the general discharge dynamics well, it fails to accurately predict the 

discharge at the beginning of the rainy season, possibly amplified by the uncertainty of 

the measurements during this high flow period. 
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Relationship of River Discharge and Surface Water Elevation 

Harmonic analysis 

According to the harmonic analysis (Figure 5-4), tides in this region are dominated 

by semidiurnal oscillations, and a much smaller diurnal component (about 15% of the 

semidiurnal constituent amplitude). The analysis indicates the importance of 6 h 

overtides in the Tempisque river, a typical result of shallow-water rivers such as the 

Tempisque. Semidiurnal and diurnal constituents, especially M2, S2 and K1, appear to 

be higher under low discharge (Figure 5-4B). The 6h constituents do not show major 

differences. 

Figure 5-5 B and C show the water level reconstructed by superposing the 

harmonic constituents detected with harmonic analysis (Figure 5-4A), and the maximum 

water level of the semi-diurnal oscillation residuals. We showed that they are inversely 

related to the discharge (Figure 5-8H). These results are novel; they show a 

counterintuitive relationship in which river discharge is inversely linked with surface water 

elevation. 

Temporal change in subtidal and tidal signals 

Figures 5-6 and 5-7 show the time series of the components resulting from the 

signal decomposition before and after the application of the 15-day low pass filter. The 

relationships between the change in time of those components and the change in time of 

the normalized discharge reveal weak inverse quadratic relationships for the 12 h 

oscillation (Figure 5-8C; R2 = 0.413) and the 4h and 24h oscillation constituents (Figures 

5-8A and D; R2 = 0.225 and 0.278). No relationship was detected with the 6h oscillation 

nor, more surprisingly, with the subtidal water level (Figure 5-8B and F). However, the 

temporal change of the sum of the 4 h, 6h, 12 h and 24 h oscillations and the discharge 
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is predicted better (Figure 5-8E; R2 = 0.596) from the discharge than the constituents 

taken separately presented before, as is the total sum of tidal and subtidal components 

(Figure 5-8G; R2 = 0.509). A number of uncertainties likely resulted in the weakness of 

the above observed relationships. First of all, as described before, the river discharge 

model achieved moderate goodness of fit, and this model did not account for the 

changes in land use that occurred between the time period in which the model was 

calibrated (1981-1985) and the time period in which the model was used for predictions 

(2013 – 2016). Second, the model did not account for water extraction, runoff, and return 

from agricultural activities before and after the river discharge gage station location.  

Third, drivers other than discharge, especially wind velocity, likely influenced the 

variability observed in the response variable. Lastly, measurement errors resulting from 

temporally impaired stations, and the missing values at shallow depth filled by cubic 

splined interpolation likely also influenced the components resulting from the time series 

decomposition. Another important caveat is that summation of the different components 

is a simplification that needs to be interpreted cautiously since the spectral elements are 

not independent of each other in tidal rivers due to quadratic forcing (Godin, 1999), and 

the individual constituent phases was not considered. Even in light of these limitations, 

the results provide evidence of the inverse relationship between water levels and river 

discharge. 

Estimation of Flooding Volume for Changing Water Levels 

From 05/15/2013 to 05/15/2014, we estimated that the annual flooding time was 

58 h and the volume was between 190 and 320 cubic decameters per meter of river 

segment. Most importantly, there was high sensitivity of flooding time and volume to 

minor variations in the water level, which has important implication for the wetland 
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hydroperiod (Figure 5-9). Those results are only indicative, since they were estimated 

under the assumption of constant change in water level year-long, which is a 

simplification of the complex response to discharge variation that occurs in these 

systems. However, they are useful in assessing the increased impact of flooding 

resulting from tidal amplification following the reduction of river flow by natural and 

anthropogenic causes. 

Conclusions 

We applied 2 time series decomposition techniques on 15-minute resolution 

surface water elevation measurements in a tidal river to investigate the effect of 

changing discharge on the surface water level. The measurements were collected in the 

lower Tempisque tidal river bordering the Palo Verde National Park coastal wetland in 

the Nicoya peninsula, northwest Costa Rica. Results from both analyses support the 

hypothesis that the water level at the location of measurement was inversely linked with 

the river discharge magnitude due to tide attenuation. Therefore, under natural high flow 

conditions for this humid area, the river acts as a natural barrier to minimize the 

wetland’s exposure to recurrent inundation events. Our results also indicate that annual 

wetland flooding event characteristics are highly sensitive to minor changes in river water 

levels due to the non-linear relationship with the annual river flow.  

Our results, coupled with the well-known observation that the Tempisque river 

discharge has been decreasing during the last 4 decades (Jiménez et al., 2001); 

(Guzmán-Árias and Calvo-Alvarado, 2012) suggest that the natural flood protection 

mechanism by the higher river discharge has been altered. River bank overflow 

frequency is a feature intrinsic to the hydrologic identity of the wetland. However, the 

increase in flooding frequency and magnitude are likely to have been re-defining the 
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wetland hydroperiod locally and, as a consequence, increasing local soil and aquifer 

salinity levels. This might have played a critical role in allowing invasive plants to prosper 

in this environment, and led to the current detrimental vegetation shift and loss of open 

water surface needed by endangered wading birds in this Ramsar classified wetland. 

These findings indicate a double paradox: the increase in flooding magnitude is caused 

by a decrease in river discharge, which itself ensues indirectly from a large water-

transfer infrastructure. This exemplifies the unintended impacts that can emerge from 

human-transformed systems, with water as a propagating vector of human activities. 

Although representative, the results presented are specific to the location of 

measurements. Future studies should include additional measurements down and 

upriver and analysis in this and other representative systems to assess the water level 

response to discharge as the tidal energy increases and diminishes, and address the 

non-linearity and complexity of the mechanisms governing a fluvial-tidal shallow system 

(Godin, 1985; Parker, 2007; 1991). The refined measurements should inform the 

development and calibration of a hydrodynamic model to: (i) detail the hydrodynamics 

explaining the observed phenomenon, and determine the conditions under which the 

relationship between discharge and water level reverses; (ii) develop an analytical 

expression to quantify the water level response to actual discharge and possibly 

determine some minimum environmental flow for water management policie



 

147 

 
 
Figure 5-1. Conceptual representation of the hypothesis proposed in the study: depending on the tidal river segment 

configuration, the surface water elevation can respond differently to a decreasing river discharge. In all cases, a 
lower discharge results in lower subtidal water level and higher tidal amplitude, but A) the decrease in subtidal 
elevation can be higher than the increase in tidal amplitude, which results in a total decrease in surface water 
level (conventional behavior); or B) the decrease in subtidal elevation can be lower than the increase in tidal 
amplitude, which results in a total increase in surface water level. 
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Figure 5-2. The Tempisque river and Palo Verde National Park and wetland in the 

context of the Tempisque watershed, with the location of surface water 
elevation (SWE), meteorological and rainfall stations.  
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Figure 5-3. Results from rainfall-runoff model calibration: weighted transfer functions, 

and measured and simulated discharge (Q) at station TWCA01. 
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Figure 5-4. Harmonic constituent amplitudes (Amp) and phases (𝜙) in water level at PVCA02 station, ordered by 
increasing frequency: A) for the entire time series from 05/11/2013 to 07/15/2016; and B) for 1-month segments 
measured during periods of low and high discharge (Q). Labels on the x-axis indicate the tidal harmonic 
constituent names, in which the numbers indicate the approximate number of daily cycles. 
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Figure 5-5. Comparison between measured and reconstructed water levels for water level measurements at PVCA02. A) 
Normalized simulated discharge. B) Tidal oscillation minimum and maximum water level envelope from 
measured and reconstructed data. C) Differences between measured and reconstructed maximum water levels. 
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Figure 5-6. Tempisque river water level at PVCA02 station, and the signal resulting from the series decomposition into its 

main constituents. A) Signal resulting from complex demodulation at the dominant frequencies, before the 
application of the 15-day low-pass filter. B) Signal resulting from 15-day low-pass filter before the subtraction of 
the solar annual (SA, 365.26 j) and solar semi-annual (SSA, 182.63 j) oscillations.  
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Figure 5-7. Time course in the PVCA02 normalized simulated discharge, the amplitude of the dominant tidal constituents 
(4, 6, 12, and 24 h), and subtidal water levels after application of the 15-day low-pass filter.  
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Figure 5-8. Relationship between the change in normalized simulated discharge Q and the different water level 
components (A to G), and the difference between measured and reconstructed maximum water level (H) at 
PVCA02. 
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Figure 5-9. Estimation of the effect of change in water level (SWE) as compared to 

current level (SWE = 0) on A) annual flooding time and B) volume based on 
a 1-year (5/15/2013 to 5/15/2014) surface water elevation (SWE) time series 
measured at PVCA02. 
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CHAPTER 6 
CONCLUSIONS AND RECOMMENDATIONS 

Conclusions 

The emergence of unexpected and often unwanted socio-ecological issues such 

as the loss of ecosystem service is a characteristic of complex coupled natural and 

human systems (CNHs) worldwide. There is an urgent need to stop and reverse the 

alteration of ecosystem while meeting increasing demands for services (Millennium 

Ecosystem Assessment, 2005a). One of the key challenges to meet this need is to 

understand and generate knowledge about the dynamics of CNHs across scales and in 

the context of multiple drivers (Berkes et al., 2003). In this dissertation, we used the 

Tempisque watershed in northwest Costa Rica as a case study for understanding and 

quantifying the complex cycles and the effects of anthropogenic change on a CNH. The 

basin underwent major transformations chiefly from the construction of a major inter-

basin water transfer for hydropower generation and irrigation. This transfer ultimately 

impacted the internationally renowned Palo Verde National Park (PVNP) coastal 

wetland, protected by the Ramsar Convention. We aimed to further the understanding 

and knowledge about the spatiotemporal long-term dynamics in this region and the 

PVNP wetland, and to establish the connections existing between the wetland and the 

watershed. We focused on the hydrology component as water is an integrator of human 

actions and a propagating vector, and is the major factor determining wetland 

composition.  We also considered the land use and land cover (LCLU) as their changes 

have major repercussions on hydrology. 

In Chapter 2, we highlighted the importance of assembling a long-term dataset 

with high spatiotemporal resolution to document and characterize the system status and 



 

157 

its spatiotemporal dynamics across scales, in order to understand the processes 

governing the different components and their interactions. This type of data and analysis 

helps increase understanding of system drivers to inform sustainable management 

programs, and to assess and manage risks. We compiled a unique long-term database 

of hydrologic, meteorological and land cover data documenting the watershed, the Palo 

Verde National Park wetland, and the tidal portion of the Tempisque and Bebedero rivers 

which is at the interface between the watershed, the Gulf, and the wetland. A major 

limiting factor is data accessibility– we were unable to gain access to some important 

data at the time of the completing of this analysis (2016), and the large spatio-temporal 

inconsistency encountered in the existing field data. One of the key datasets acquired for 

this study is the daily river discharge time series data, which was measured by 14 

stations across the watershed. The time series datasets for each station are of variable 

time periods between 1952 and 1992, and therefore cover the period before and after 

the major transformations of the watershed in the 1970s. Some monitoring stations have 

been monitored after 1992 but the data are not accessible for the public. Although most 

of the monitoring stations are located upstream of engineered infrastructure (Irrigation 

District), the existing before-after long-term time series datasets are a rare asset to study 

the long-term impact of LCLU and other human activities on the hydrologic regime of 

CNHs (Sivapalan et al., 2012). The other key dataset is the 3-year, 15-minute resolution 

monitoring network (encompassing more than 100 sensors) developed in the PVNP in 

this dissertation and in partnership with the Organization for Tropical Studies. At this 

date, data are still being collected and are automatically sent to our database daily, 

allowing a near-real time access to the data. In their review of current research needs 
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and gaps in the study of CNH dynamics, Carpenter et al. (2009) state that “Fundamental 

research on sustainability and sustainable practices depends on reliable ongoing 

monitoring of social-ecological systems.”. This statement highlights the importance and 

value of this ongoing monitoring effort. The more critical missing data are about water 

quality, groundwater storage and dynamics, and socio-economic data. 

Although the database compiled so far needs to be completed with additional 

resources garnered through further interinstitutional collaborations, it can already serve 

as an informative reference documenting some of the key components of the study area, 

and support extensive time series analyses to examine long-term spatiotemporal 

dynamics. Thus, our data product represents a starting point that others can contribute 

to, and serves as a catalyst for research and helps inform data-driven management 

decisions. We are hoping that the publication of this database will incentivize the release 

of more data by other institutions, and that it will inspire a shift towards the 

institutionalization of data collection and management effort in Costa Rica and many 

other threaten coastal regions around the world.   

In Chapter 3, we used the remote sensing archive to bridge the spatio-temporal 

data gap existing in many CNHs worldwide. We demonstrated that the new cloud-based 

Google Earth Engine (GEE) coupled with the continuous release of pre-processed open 

satellite datasets such as MODIS and Landsat allow analyses of historical vegetation 

and land cover long-term and high spatial and temporal resolution data. This should spur 

the integration of this tool and data into interdisciplinary studies looking at the long-term 

dynamics of disturbance in CNHs. We used the PVNP wetland and the surrounding 

Tempisque watershed case study as an example of how researchers can utilize this type 
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of data. We used GEE to generate and visualize multi-temporal maps and aggregated 

time series of the Normalized Difference Vegetation Index (NDVI) using the Landsat 

(1974-ongoing) and MODIS (1999-ongoing) satellite images. We found that the 25 m 

resolution Landsat imagery provided discontinuous quality data for this region due to 

technical issues on the sensors aboard the satellites, and high cloud cover prevailing in 

this tropical area. Landsat therefore was only partially successful in providing long-term 

time series data at high temporal resolution, preventing the scrutiny of long-term 

evolution of seasonal processes. However, we were able to run an inter-annual long-

term trend analysis on a 1986-2016 time series dataset, from which we observed a 

general trend of increasing vegetation (“greening”) in the study region. This observation 

corroborates that there has been reforestation of areas that were historically used for 

cattle grazing, and the closing of the wetland open water surfaces by the invasive cattail 

plant. We also showed that the higher revisit frequency of the 500 m MODIS spacecraft 

allowed the acquisition of a sufficient number of cloud-free images to generate 

uninterrupted monthly NDVI time series datasets, thus capturing the full NDVI seasonal 

variability, which shows a strong variability that matches the precipitation dynamics in the 

region.  

In chapter 4, we coupled the 2013-2016 measurements from our on-the-ground 

water level monitoring network with open access MODIS imagery to successfully identify 

and calibrate a spectral algorithm for wetland hydric status detection. Using GEE, we 

built 2000-2016 biweekly time series and multi-temporal maps of wetland hydric status 

and wetted extend. These products combined with the analysis of the high frequency 

field monitored data provide an unprecedented insight into the PVNP hydrology and its 
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driving factors. In particular, we detected a substantial local influence from the 

Tempisque and Bebedero rivers and also from the irrigated agricultural area network. 

This discovery has important implications considering the critical role of hydrology in the 

control of the wetlands functional ability and ecological composition, and highlights the 

need for wetland restoration strategies to consider the broader landscape, and for water 

and land use management strategies in the watershed to integrate the PVNP.  

Beyond the PVNP case study, we showed that the cloud based GEE platform 

combined with the open access MODIS imagery and the increase in affordable, 

commercially available and readily deployable field sensors can substantially improve 

the spectral algorithm performance for wetland hydric status detection and long-term, 

high frequency hydroperiod mapping. Wetland disturbance is a global issue, and our 

proposed method can be replicated to investigate other medium to large scale wetland 

systems worldwide to document their hydrologic signature and long-term trajectory.   

In Chapter 5, we investigated the impact of decreasing discharge in the 

Tempisque river on the upriver tide propagation from the Gulf of Nicoya, and the 

implications for the hydrology of the PVNP wetland. We found evidence that the 

decrease in the Tempisque river discharge chiefly caused by excessive water withdrawal 

has led to an increase in wetland flooding event frequency and magnitude through river 

bank overflow. Although river bank overflow is a feature intrinsic to the hydrologic identity 

of the wetland, the increase in flooding frequency and magnitude are likely to have been 

re-defining the wetland hydroperiod locally and, as a consequence, increasing local soil 

and aquifer salinity levels. This study therefore revealed a double paradox: (i) the 

increase in flooding magnitude is caused by a decrease in river discharge; (ii) the 
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decrease in river discharge is an indirect impact of the water-transfer mega project since 

the shift in the socio-economic landscape the hydropower-PRAT project triggered is at 

the source of the excessive water withdrawal from water storages. It is possible that this 

alteration of the wetland hydrology has played a critical role in allowing the invasive 

plants to prosper in this Ramsar classified wetland. Additionally, these floods act as 

breeding sites for mosquitoes. The resulting mosquito population explosions can result in 

increased health risks and detrimental impacts on the local socio-economic landscape. 

This finding calls for further research, and exemplifies the emergence of unexpected 

properties and alteration of wetland function that can emerge in complex systems, with 

water as a propagating vector of human activities. On a larger scope, the finding that a 

decrease in river discharge can cause increasing flooding in tidal rivers with certain 

characteristics (as exemplified by the lower Tempisque river) has major implications for 

the fragile ecology of coastal systems worldwide. 

Recommendations for Further Study 

Database Compilation for Tempisque and CNHs Comparative Studies 

To our knowledge, at the time of completion of this analysis, all the 14 river 

discharge monitoring stations that were operated by the Instituto Costarricense de 

Electricidad (ICE) are out of function. We recommend this extensive and unique long-

term monitoring effort to resume at least in a few selected locations, in order to ensure 

the continuity of the observations and allow the quantification of the influences of 

changing climate and human disturbances in the future. Stations should be selected 

based on the length of their historical record, to maximize the spatial coverage, and in 

locations minimally influenced by human activities (headwaters) and affected by their 

influence (dam and irrigation district). Monitoring the station whose variability is only 
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conditioned by natural drivers is key for any studies that will seek to disentangle the 

natural from human caused variability. A list of 5 stations selected based on these 

criteria is given in Table 6-1.  

On the other hand, to better understand and model the water circulation dynamics 

along the watershed – PVNP wetland – Nicoya Gulf continuum, the monitoring effort in 

PVNP wetland and tidal rivers should continue and be coupled with the simultaneous 

instrumentation of the main rivers and groundwater monitoring wells in the upper portion 

of the watershed. In particular, the Tempisque and Bebedero river  

The database should be complemented with water quality data, groundwater 

storage and dynamics, and socio-economic time series data. 

Multivariate Time-Series Analysis for Tempisque and CNHs Comparative Studies  

The groundwater level and surface water level data from our instrumentation 

network should be analyzed with the precipitation data to establish the conditions (time 

lag after first rain event, rainfall / runoff intensity, etc.) under which the wetland switches 

from a dry to a wet state on the onset of the rainy season or under the influence of other 

water input sources (irrigation drainage water and river bank overflow). 

To determine the effects of LCLU change on hydrology, the long-term river 

discharge time series should be compared to the land cover time series data constructed 

from remote sensing database. 

Further studies should integrate the NDVI and wetland hydroperiod time series 

into multivariate time series analysis to (i) further the understanding about the relative 

influence and timing of the natural and anthropogenic factors controlling the PVNP 

wetland vegetation dynamics and hydrologic regime; and (ii) quantify the differences 
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between the different sub-wetlands establish linkages with external anthropogenic 

drivers.  

Finally, to increase general knowledge about CNHs, the compiled database 

should serve as a representative for CNHs in Mesoamerica and tropical wet/dry regions. 

In should be integrated in comparative studies with data from other CNHs worldwide to 

characterize and learn from the similarities and differences between catchments in 

different places, and interpret these in terms of underlying natural, ecological, human, 

and climatic drivers. 

Hydrodynamic Analysis of River – Tide – Wetland Interactions 

More research should be done to (i) characterize the hydrodynamics explaining 

the observed phenomenon that, in specific systems, the decrease in river discharge 

leads to an increase in water level ; (ii) determine the system configuration and tidal 

amplitude / total water level ratio under which the relationship between discharge and 

water level reverse; and (iii) develop an analytical expression to quantify the water level 

response to actual discharge and determine minimum environmental flows for water 

management policies. A one-year monitoring survey with continuous measurements at 

water level monitoring stations at repeated intervals along the tidal portion of the 

Tempisque river and of the river discharge at a river location not affected by tides, would 

allow a significant information to address the two issues mentioned above. On a more 

general scope, we think that the well-defined funnel shape of the lower Tempisque river 

and the absence of ramifications in the estuary mouth makes it an ideal system for 

studying river discharge and tide interactions and advanced the fundamental knowledge 

in this field. On another hand, we hypothesize that the Bebedero river (which is on the 

southeast side of the wetland) influences the wetland hydrology, and that this influence 
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has been modified with the increasing discharge resulting from the hydropower dam 

releases. This theory should be explored in future studies. The changes in sediment 

transport and deposition in this river and the impact on the wetland ecology should also 

be investigated. 

Integrated Management and Coupled Human – Hydroecological Model 
Development  

We think that the development of a social-hydrologic and ecological model is crucial to 

inform the management of the Tempisque watershed that takes into account the 

competing needs of the different stakeholders and the ecosystem. We think that the 

testing of alternative management scenario with such model would lead to the definition 

of more efficient water management strategies, and that such management could 

significantly reduce the water-related problems faced by the watershed without having to 

develop any additional major infrastructure projects, as it is currently proposed. We 

recommend the implementation of such infrastructure to be strongly considered until 

such a modelling framework is created. Our compiled database and the knowledge 

gained about this water system is a significant asset to help design, calibrate and 

evaluate some determining components of such model to evaluate the outcome of 

environmental and LCLU management, and dam and irrigation network operation 

alternatives. Additional data and analysis are needed to deepen the hydrological 

understanding – especially the interaction between the groundwater and surface water in 

the watershed – and understand how it may relate to socio-economic and climatic 

components. This analysis should consider the multiple levels of influence, from local to 

global. The decision making process should be based on adaptive management, which 

means that the managers should keep track of the consequences of their decision, and 
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reconsider their decision when needed (Folke et al., 2005). This emphasizes the need to 

maintain the current monitoring effort that should be complemented with consistent data 

collection of representative variables and indicators for the socio-economic and 

ecological system status, and a flexible model framework that can be changed as the 

managers learn more about the system.  
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Table 6-1. List of suggested river discharge monitoring stations to be rehabilitated to ensure the continuity of the data 
collected by the ICE. Time span is the duration of the time series currently publically accessible. Justification 
lists the criteria that justify the selection of the station. 

ID  Local name Time 
span 

Justification 

TWCA03 El Ponchote 1976 - 93 Tempisque watershed; Headwater. 

TWCA13 Punto de Palo 1976 - 93 Bebedero watershed; Headwater. 

TWCA01 La Guardia 1952 - 94 Tempisque river in the middle basin; Long historic dataset;  
Encodes changes in LCLU. 

TWCA09 Corobici 1954 - 94 In the Bebedero watershed; Long historic dataset;  
Receives the water from the dam. 

TWCA08 Colorado 1951 - 70  Bebedero watershed; Covers period before major 
transformations in the watershed. 
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APPENDIX A 
EXPLORATION ANALYSIS AND DESCRIPTIVE STATISTICS OF 1952-1994 ICE 

RIVER DISCHARGE DATASET 

 

 

Figure A-1. (1/3). Time series of river discharge in the Tempisque watershed. Data from 
ICE. Insets indicate the location of the river gauge station (red triangle) within 
the Tempisque watershed (blue dot: point from which the water from the dam 
are released in the irrigation network and the river. Black lines: irrigation 
network. Green area: the Palo Verde National Park). 



 

168 

 

 

Figure A-1. (2/3). Time series of river discharge in the Tempisque watershed. Data from 
ICE. Insets indicate the location of the river gauge station (red triangle) within 
the Tempisque watershed (blue dot: point from which the water from the dam 
are released in the irrigation network and the river. Black lines: irrigation 
network. Green area: the Palo Verde National Park). 
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Figure A-1. (3/3). Time series of river discharge in the Tempisque watershed. Data from 
ICE. Insets indicate the location of the river gauge station (red triangle) within 
the Tempisque watershed (blue dot: point from which the water from the dam 
are released in the irrigation network and the river. Black lines: irrigation 
network. Green area: the Palo Verde National Park). 
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Table A-1. Metadata for the Tempisque watershed river gauge stations. 

ID ICE 
ID 

Hydrobase 
Local name 

Sub-
watershed 

River 
Latitude 

(WGS 
84) 

Longitude 
(WGS 84) 

Elevation 
(m) 

Superficie 
cont. area 

(km2) 

Installation 
date 

Type 

19-01 TWCA01HY Guardia Tempisque Tempisque 10.565 -85.591 12.9 955.0 05/18/51 Pression 

19-06 TWCA02HY Coyolar Tempisque Colorado 10.667 -85.494 76.7 128.2 05/20/70 Pression 

19-08 TWCA03HY El Pochote Tempisque Salitral 10.805 -85.471 258.0 26.2 05/01/78 Pression 

19-05 TWCA04HY La Guinea Tempisque Tempisque 10.422 -85.498 10.0 986.7 05/19/70 Pression 

19-03 TWCA05HY Liberia Tempisque Liberia 10.631 -85.444 130.5 28.5 05/19/70 Pression 

19-07 TWCA06HY El Salto Tempisque El Salto 10.579 -85.384 105.0 64.3 04/30/78 A-35 

19-04 TWCA07HY Canas Tempisque Las Canas 10.355 -85.569 13.5 373.3 05/19/70 Pression 

19-02 TWCA08HY Colorado Tempisque Colorado 10.675 -85.483 79.5 125.2 12/06/51 A-35 

20-01 TWCA09HY Corobici Bebedero Corobici 10.461 -85.132 30.5 328.2 03/20/54 Pression 

20-02 TWCA10HY Libano Bebedero Canas 10.436 -85.000 197.2 128.8 06/03/65 A-35 

20-03 TWCA11HY Rancho Rey Bebedero Tendrio 10.468 -85.164 20.1 288.1 02/05/70 Pression 

20-04 TWCA12HY Tilaran Bebedero Santa Rosa 10.461 -85.070 125.1 95.8 07/06/71 Pression 

20-07 TWCA13HY Punta de Palo Bebedero Blanco 10.589 -85.202 152.0 117.0 05/01/76 Pression 

20-08 TWCA14HY Santa Rosa Bebedero Santa Rosa 10.477 -84.997 38.3 340.0 07/17/77 FM 

20-10 TWCA15HY Magdalena Bebedero Santa Rosa 10.471 -85.105 63.3 50.0 12/09/82 FM 
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Table A-2. Descriptive statistics for the Tempisque watershed river discharge. 

ID Count Mean (m3/s) 
Median 
(m3/s) 

StdDev Range Skewness Kurtosis 
vonNeuman

n 
MannKendall_

z 

TWCA01HY 11570 25.93 15.30 53.30 1679.00 13.86 293.98 0.48 -25.11873938 

TWCA02HY 8282 4.17 2.57 5.94 131.29 8.21 117.00 0.43 -21.82470342 

TWCA03HY 6209 1.11 0.76 1.08 13.96 3.96 30.43 0.10 -20.61995575 

TWCA04HY 3622 27.30 15.20 44.14 669.18 7.31 77.05 0.36 -9.934346373 

TWCA05HY 362 0.75 0.28 1.34 10.53 4.25 24.87 1.07 0.486401257 

TWCA06HY 6209 1.22 0.65 2.25 47.80 7.82 95.32 0.54 -16.30621409 

TWCA07HY 1461 9.59 1.09 22.94 205.00 4.04 22.88 0.05 -7.448820017 

TWCA08HY 6721 4.94 2.91 11.81 598.51 26.88 1125.58 0.42 -21.29070912 

TWCA09HY 14287 22.08 9.82 24.63 501.19 2.18 19.02 0.13 72.23790905 

TWCA10HY 10196 4.93 3.07 5.79 73.57 3.72 23.78 0.16 -17.45344016 

TWCA11HY 8401 9.09 6.73 8.49 154.46 5.74 60.34 0.52 -22.95129038 

TWCA12HY 7920 6.64 1.10 15.79 101.99 3.38 14.46 0.07 -38.43779001 

TWCA13HY 6209 3.20 2.00 4.13 65.73 5.19 43.70 0.34 -10.10090223 

TWCA14HY 5770 1.42 1.04 1.08 11.19 2.06 9.76 0.14 -10.06086409 

TWCA15HY 2557 0.83 0.50 1.66 47.28 14.73 324.77 0.86 -10.67173493 
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APPENDIX B 
SUPPLEMENTARY MATERIAL FOR CHAPTER 2 

 
 
 
 

 

Figure B-1. Map of the gournwater monitoring wells installed by the JICA 
project in and around the PVNP.  
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Figure B-2. (1/2) Water table elevation (WTE) and surface water elevation (SWE) in 
meters with respect to sea level measured manually from 9/2001 to 2/2004 – 
Monitoring wells located within the Palo Verde National Park. Ground surface 
elevation (gse) and well depth indicated with dashed line. Water level put as 
being equal to well depth when the wells were reported. Monitoring wells for 
which the gse was unknown were marked with a star sign, and elevation fixed 
at 2.8m. Monitoring wells #8, 1, 4, 25, and 6 correspond to PVWL01, 03, 04, 
05, and 06 respectively. 
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Figure B-2. (2/2) Water table elevation (WTE) and surface water elevation (SWE) in 
meters with respect to sea level measured manually from 9/2001 to 2/2004 – 
Monitoring wells located within the Palo Verde National Park. Ground surface 
elevation (gse) and well depth indicated with dashed line. Water level put as 
being equal to well depth when the wells were reported dry. Monitoring wells 
for which the gse was unknown were marked with a star sign, and elevation 
fixed at 2.8m. 
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Figure B-3. 15-minute water table elevation (WTE) and surface water elevation (SWE) 
for the 6 monitoring stations at the PVNP wetland. Water level in meters with 
respect to sea level Precipitation from PVRN01 station for reference. Shaded 
areas represent the soil medium.  
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Figure B-4. (1/2) 15-minute water table elevation (WT, PVWL##) and surface water 
elevation (SW, PVCA##) for the 6 monitoring stations at the PVNP wetland, 
along with monthly manual measurements and the precipitation data from the 
closest rain gauge station. Water level in meters with respect to sea level.  
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Figure B-5. (2/2) 15-minute water table elevation (WT, PVWL##) and surface water 
elevation (SW, PVCA##) for the 6 monitoring stations at the PVNP wetland, 
along with monthly manual measurements and the precipitation data from the 
closest rain gauge station. Water level in meters with respect to sea level.  
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Figure B-5. Water level at PVWL02, PVCA11, and PVCA02 stations. 

 
 
 
 

 

Figure B-6. Interpolated grid of specific conductance profiles in the Tempisque river. A. 
Longitudinal profile from the mouth of the Gulf of Nicoya during flood tide. B. 
Time series during a semi-diurnal tide cycle, at the location of water level 
monitoring station. Isolated dots indicate the measured data interpolated with 
cubic interpolation. Specific conductance in mS/cm. 
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Figure B-7. Processed data from ADCP survey on Tempisque river: discharge and cross 
sectional wet area with time during a semi-diurnal tidal oscillation at the 
transect in front of the water level monitoring station. X-axis: time in day 
(04/29/2015) and fraction of day. 

 
 



 

180 

 

Figure B-8. Comparison of river discharge as measured by ADCP during a semi-diurnal 
tidal oscillation and variables measured by our river gauge station. X-axis: time 
in day (04/29/2015) and fraction of day. 

 

 
 

 

 
Figure B-9. Average velocity with depth and time as measured with ADCP survey during 

a semi-diurnal tidal oscillation. 
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Figure B-10. Results from chemical analysis on groundwater and drainage canals within 
and around the Palo Verde National Park wetland. Unit: mg/l. 
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Figure B-11. Variation of soil textural classes with depth at the monitoring sites. Data 
source: (Stipo, 2015). 
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APPENDIX C 
CORRECTION OF PRECIPITATION DATA FROM PALO VERDE STATION 

Correction of precipitation data from the Palo Verde meteorological station. 

Instrument technologies and recording time span: 

 Instrument 1: 01/01/1996 to 06/01/1999;  

 Instrument 2: 06/01/1999 to 12/01/2007; 

 Instrument 3: 12/01/2007 to current days; 
 

Linear correction to align the cumulative precipitation data from sensor 1 and 2 on the 
cumulative data from instrument 3. The slope of cumulative data for each subset was 
obtained with linear regression. The data subset 1 and 2 were multiplied by the ratio 
between their slope and the slope of the third dataset. 
 

 

Figure C-1. Cumulative rainfall at the Palo Verde meteorological station before and after 
the correction for instrument showing the systematic error. 



 

184 

APPENDIX D 
SUPPLEMENTARY MATERIAL FOR CHAPTER 4 

 

Figure D-1. Photos contrasting same PVNP wetland areas during wet and dry season. 
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Figure D-2.  Surface water levels with respect to ground surface elevation (ages) at 

CA01 and CA06 stations. Daily rainfall data from RN01 station for reference.  
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Figure D-3. Pixel-level NDI26 series after application of the alternative filters. MCD 

dataset for pixel overlaid with WL01 monitoring station. 
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Figure D-4. Evaluation of the effect of MODIS sensor source, collection, and filter. ETCw and NDI26 spectral indices 

against measured water table elevation (WTE) at monitoring station WL01 for alternative MODIS sensor 
sources (Terra – MOD or Aqua – MYD), collections (daily – 09A1 or 8-day composite – 09GA), and filtering 
criteria. Red lines define the data boundary resulting from the most constraining filter 9 on the MOD09 
collection, without including water level data when dry well. Numbers in top left corners indicate the number of 
images from MOD09 and MYD09 products, and the number between brackets for MOD09 product only.
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Figure D-5. Tested spectral indices against measured water level at the water table 
elevation monitoring well PVWL01. Time period: 5/12/2013 to 6/1/2016. Indices 
calculated from MOD09GA data set, filter 4.  
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Figure D-6. Composite maps of inter-annual average and standard deviation of monthly averaged NDI26 as a proxy for 
wetland hydric status, from MOD09A1 imagery.  NDI26 values are positively correlated with the degree of 
wetness. Images ordered from May to April (water year). TR: Tempisque river; BR: Bebedero river; ID: irrigation 
district; DF: dry forest; i: Palo Verde sub-wetland; ii: Piedra Blanca; iii: Varillal; iv: Poza Verde; v: Bocana; vi: 
Nicaragua.
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APPENDIX E 
SUPPLEMENTARY MATERIAL FOR CHAPTER 5  

 

 

Figure E-1. Comparison of the cumulative precipitation at PVRN01 and TWRN45 gauge 
stations for overlapping time span. A. Cumulative total precipitation. B. 
Standardized cumulative precipitation.  
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