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ABSTRACT 

This dissertation is put together from a set of three journal papers.  The first paper 

describes how satellite imagery and spacecraft autonomy are used to advance the field of 

near real-time detection, monitoring, and rapid response to flooding.  The second paper 

describes the ground instrumentation of an artificial water recharge basin field site close 

to Tucson with a network of inter-connected sensors to study the transient process of 

repeated flooding in real-time, and the third paper describes an effort to link together 

multiple ground-based and space-based remote sensing assets to an integrated and 

coordinated monitoring system for floods.   Collectively, the three papers describe new 

breakthroughs in the field of flood detection and monitoring through the use of satellite 

onboard automation and Sensorweb networks. 
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INTRODUCTION 
 

Because of its devastating nature, flooding poses serious hazards to lives and 

livelihoods in many parts of the world.  According to the Federal Emergency 

Management Agency (FEMA) of the United States, flooding is one of the most common 

and widespread of all natural disasters.  The economic damages from floods have 

increased considerably in the last 30 years.  For example, it cost the United States $2.4 

billion in 2003 (http://www.flooddamagedata.org/national.html).  Floods, which affect 

large regions of the Earth, cannot be reliably predicted.  In addition, hydrological data 

from in-situ sensors are sparse and cannot map the full extent of flooding.  One of the 

major problems with flood detection and monitoring is the inability to obtain timely 

information of water conditions from ground measurements and airborne observations at 

sufficient temporal and spatial resolutions.  Satellite remote sensing holds the key to 

flood monitoring because it permits timely and continuous observation of a vast extent of 

area with its global and frequent (sometimes daily) prospective from space.  The 

application of satellite data to flood mapping began with the launch of the first  remote 

sensing satellite Landsat-1 in the early 1970’s (Hallberg el al., 1973; Morrison & White, 

1976).  Since then, progress has been made toward the use of satellite remote sensing for 

mapping, characterizing, and monitoring floods around the world (Brakenridge et al., 

2003).  Near real-time flood detection and mapping was not possible in the past because 

of the large data size of satellite imagery and the limited downlink capabilities of 

satellites.   At present, it takes up to 2 weeks for satellite images to be sent back to Earth 

for flood analysis, and it can take weeks or even months to identify flooding in the deluge 
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of image data beamed back to Earth.  Before scientists on the ground have a chance to 

study the images, any possible floods will have already transpired, and flood warning will 

be too late.  As such, their applications in flood monitoring have been limited to post-

flood damage assessment and mitigation and for future flood prevention such as planning 

structural alteration of watercourses.    Another problem in flood monitoring is the large 

spatial extent of most drainage networks.  Coupled with the large data size of satellite 

images, this often results in a tremendous amount of data, which can cause a significant 

bottleneck during data downlinking, as well as problems in data storage. 

This dissertation is put together from a set of three journal papers (included in the 

Appendices).  The first paper describes how satellite imagery and spacecraft autonomy 

are used to advance the field of near real-time detection, monitoring, and rapid response 

to flooding.  The second paper describes the ground instrumentation of an artificial water 

recharge basin field site close to Tucson with a network of inter-connected sensors to 

study the transient process of repeated flooding in real-time, and the third paper describes 

an effort to link together multiple ground-based and space-based remote sensing assets to 

form an integrated and coordinated monitoring system for floods.   Collectively, these 

works describe new break-throughs in the field of flood detection and monitoring through 

the introduction of spacecraft autonomy and the development of flood Sensor Web 

networks.  Although each appendix can be understood independently from the others, 

they form a cohesive unit, united by the common theme of improvements made to the 

detection and monitoring of floods.  The appendices are presented in a sequential order 

with latter appendices building upon and incorporating the findings of the previous work.   
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PRESENT STUDY 
 

The methods, results, and conclusions of this study are presented in the papers 

appended to this dissertation. The following is a summary of the most important findings 

in this document.   

Appendix A describes the Autonomous Sciencecraft Experiment (ASE), which is  

part of the NASA’s New Millennium Program (NMP) Space Technology 6 (ST6) 

mission (Chien et. al, 2005).  As  a science-driven, command and control technology 

demonstration flying on the EO-1 spacecraft, ASE was tasked by NASA in 2002 to 

develop spacecraft autonomy for the detection of transient processes (e.g. volcanic 

eruptions, lava flows, floods, ice retreats) on the Earth’s surface.  Here at the University 

of Arizona, our team is responsible for the flood process.  For flood processes, ASE 

overcomes the data size and downlink problems by optimizing use of limited downlink 

capacity while maximizing science return.  It includes the development of a satellite-

based floodwater classification algorithm (ASE_FLOOD), which runs on-board the 

spacecraft and can reliably detect and quantify flooding as it occurs using validated 

techniques.  This algorithm autonomously triggers further image acquisitions to map and 

track flood changes through time.  The technology developed for this study has enabled 

more effective and timely monitoring of flood events.  It has resulted in significant 

breakthroughs, and revolutionized the way we use satellite data for flood monitoring by 

placing data analysis and decision making capabilities onboard the spacecraft.  It allows 

the spacecraft to autonomously detect and track flooding events, and respond accordingly 

from space instead of relying on ground operations, thus reducing the response time to a 
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few hours, and removing the need for any human intervention including decision-making.  

ASE_FLOOD is currently monitoring flood conditions for many inland rivers, and can be 

applied to other inland water bodies such as lakes and wetlands. 

Appendix B builds upon these findings and introduces the ground-based flood 

sensorweb (Delin et. al, 2004).  It describes the implementation of a ground-based flood 

Sensor Web in an artificial recharge basin for the tracking of water inundation, highlights 

its technical capabilities, and evaluates the effectiveness of such a network in the tracking 

of water movements.  The sensorweb is made up of a network of self-contained inter-

communicating sensors.  The goal of this work is to improve the ASE flood sciences 

presented in Appendix A through the incorporation of a ground-based flood Sensor Web 

network.  The network has demonstrated the ability to monitor in near real-time (every 

five minutes) both changes in soil moisture and temperature across the entire basin during 

repeating flooding and occasional rainfall events. It provides important high-resolution 

spatio-temporal data needed to track transient processes.  In this hydrological example, 

these processes include flooding and infiltration.  The simultaneous measurements of 

temperature and soil moisture at different locations and depths make it possible to 

monitor changes in soil moisture in different strata.   Change-detection thresholds were 

formulated for the ground-based sensorweb to monitor the advance and retreat of a 

flooding front.  The ease of deployment and maintenance of the Sensor Web network 

make it an ideal distributed instrument to provide early-stage triggers for satellite-based 

monitoring systems such as the ASE to focus on developing flood conditions and alerts 

for downstream communities.  It can also monitor flooding situations where ground-truth 
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information is urgently needed for mitigation or rescue efforts (e.g. a flooded area of a 

major city such as New Orleans).   

In Appendix C, the multi-sensor flood Sensor Web is introduced.  It further 

enhances the capability of ASE by linking together other ground-based and space-based 

remote sensing assets to create a coordinated and integrated system for global flood 

monitoring.   It is demonstrated that data from different remote sensing assets obtained at 

different spatial and temporal resolutions can be effectively utilized together for faster 

detection and response to flood conditions.  For instance, a high-temporal resolution 

MODIS instrument (e.g. twice daily repeat cycle) with moderate spatial resolution 

(250m/pixel) (Brakenridge, 2005) detects active flooding conditions and alerts another 

spacecraft, which has a higher spatial resolution such as the EO-1’s HYPERION 

(30m/pixel), to get a more detailed image of the flooded area.  It can also trigger the 

deployment of a ground-based flood Sensor Web such as the one described in Appendix 

B to the flooded region, if such ground-based monitoring is warranted.  Furthermore, 

Dartmouth Flood Observatory’s Water Surface Watch (a satellite-based global runoff 

monitoring system) alerts ASE operations of sites where there is potential flooding.  

Based on these alerts, ASE autonomously retargets NASA’s EO-1 spacecraft to verify 

flooding conditions at these sites, thereafter acquiring local high-resolution images of 

these flooded areas.  The flood Sensor Web offers an important tool for the study of 

transient hydrological phenomena globally, especially at remote locations. 

In summary, ASE provides a new approach to spacecraft control. It allows the 

spacecraft to respond on its own to specific scientific events (e.g. flooding), rather than 
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relying solely on ground-based operators, thus giving it greater autonomy and allowing it 

to respond quickly to those events.   My contribution to this effort is the development of 

algorithms which quickly detect and quantify flood activities from space.  It allows the 

spacecraft to detect and keep track of the progress of floods automatically, which in turn 

leads to faster flood warnings.  It detects changes in water cover on the Earth’s surface, 

such as the advance and retreat of floodwater, the break of a dam, or it can identify 

tsunami waves triggered by an earthquake.   By putting data processing and decision-

making onboard, the spacecraft can focus on the areas of interest and immediately 

respond to dynamic events, eliminating time delays that arise from transmitting data back 

to Earth, processing and analyzing the data, and only then sending new instructions to the 

spacecraft. As spacecraft visit ever-distant planets such as Mars, this time delay grows 

significantly.  This software can recognize rapidly changing events on Earth’s surface 

from space and is set to warn of flash floods, volcanic eruptions (from the other 

components of ASE) and oil spills far more quickly than has ever been possible.   

The software has been successfully flight-tested onboard the EO-1 spacecraft for the 

autonomous detection and continuous monitoring of floods, enabling adaptive 

observation - the retargeting of the instrument on subsequent orbit cycles to identify and 

capture the full spatial extent as well as the inundation history of a flood.  ASE has 

demonstrated the successful capture of short- lived science phenomena at the finest time-

scales through adaptive monitoring and the generation of derived science products (e.g., 

flood alerts, boundary descriptions, pixel counts, and thumbnail images), all without 

overwhelming onboard memory or downlink capacities. 
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The introduction of spacecraft autonomy and flood Sensor Webs complement existing in-

situ ground-based monitoring networks for floods and permits ground personnel to focus 

on the science and the relief effort as opposed to waiting for the dataset to be down-

linked and processed.  The paradigm of space technologies is shifting toward highly 

autonomous spacecraft that enable future NASA missions to achieve significantly greater 

science returns with reduced risk and reduced operational cost. 

Major original contributions of this research include: 

1) For the first time, a spacecraft has the ability to autonomously detect and react to 

flood events, which includes autonomous monitoring of floods globally onboard a 

spacecraft in near real-time, autonomous data filtering (cloudy and non-flooded 

scenes), autonomous decision-making and rapid response (including the 

retargeting of sensors, triggering of additional datatakes, and issuing timely flood 

alerts) upon flood detection 

2)  The Development and field testing of an easily-deployable network of sensors 

(i.e. the flood Sensor Web) for the in-situ real-time monitoring of flooding and 

field conditions 

3) Demonstration of linking multiple ground-based and space-based remote sensing 

assets for flood monitoring in a coordinated and integrated manner (i.e. the multi-

sensor flood Sensor Web) 

4) ASE provides the ability to capture transient hydrological events such as rare 

extreme floods in remote locations, where local access may be limited and in-situ 

measurements are non-existent 
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5) These technologies are easily transferable to other remote sensing platforms and 

the monitoring of other transient processes; techniques can be applied to a wide 

range of sensors and event types (air, space, and ground);  the techniques are valid 

for multiple features and processes, and the approach is applicable to multiple 

imaging data modalities. 

6) ASE provides the timely detailed maps of flood events necessary for both hazard 

assessment and can provide accurate input to hydrological models used to plan 

structural alteration of watercourses.  Instead of guessing what lands are or will be 

underwater, we can have an actual satellite-generated realtime map of the flooded 

area and be able to actively track the flood progress from space using ASE-

enabled technologies.  Individuals and governmental agencies who are first 

responders will be able to use the timely flood maps captured by this project to 

protect communities from floodwaters and thereby mitigate the effects of 

flooding.  Real-time information such as flooded areas, water levels and forecasts 

on future rise or recession guides appropriate protection and mitigation measures 

(including evacuation), which reduces some of the uncertainty in the effects of 

flooding.   

7) The ASE software is the first of its kind to work in the near real-time domain 

providing thumbnail images of flooding and alert products, all without any human 

intervention or decision-making.  Breakthroughs in flood monitoring resulting 

from this work include realtime flood detection and rapid response time of 2-3 

hours.  This software allows satellites to think for themselves, detect and respond 
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autonomously to flooding as well as making onboard decisions based on results 

from onboard processing of the image data.  

8) This project is unique, being the first of its kind to utilize near-real time satellite 

imaging data over inland water bodies in an operational manner. It currently 

monitors approximately 100 rivers around the world.  

9) The results from this research advance the current technology for both space and 

in situ observations of floods by overcoming communication delays and restricted 

bandwidth, increasing science content of returned data, identifying features of 

interest for closer examination, and detecting and tracking changes. 

10) I developed one of the three major detection algorithms (i.e. the flooding 

detection algorithm) that are currently running onboard NASA’s EO-1 spacecraft 

to detect floods worldwide as they occur.   

11) The amount of data reduction makes ASE a very profitable idea.  The near real-

time operation of ASE makes it very attractive.  The global coverage and the 

trigger and response make it very applicable to real- life flood events.  Implication 

of the ability of autonomous detection of floodwater has a very big impact of 

people’s everyday livelihood. 

12) Dynamic threshold values were used to flag an area/image as cloudy or flooded. 

 
Recommendations for future work include plans to: 

1. build a global flood monitoring system to improve our ability to monitor and 

forecast flood conditions, information that is crucial for decision-makers in such 
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areas as hazard management and mitigation, water management, agriculture, 

hydropower and forestry 

2. extend the abilities of the system for the monitoring of water qualities at major 

water ways (during both flooded and non-flooded conditions).  Water quality, 

important for both environmental and economic health, is perhaps the most 

difficult parameter to measure from space, requiring measurements of dissolved 

oxygen, turbidity, and chlorophyll. A combination of space-based and in-situ 

observations offers the greatest opportunity for progress in this area. 

3. incorporate other triggers such as the TRMM 1-day flood potential and the USGS 

network of streamgages. 

4. develop other change-based triggers for floods based on other in-situ or remotely 

sensed observations 

5. implement spacecraft autonomy as a default in future missions to increase the 

science return while detecting and monitoring science events, which otherwise 

would be discovered too late or altogether missed, particularly short-lived events 

6. develop real-time event detection and image recognition, self-tending spacecraft 

and instruments, and high- level command language for sensor re-targeting. 

7. improve the area of Mission Automation where development is needed in real-

time event detection and image recognition, self-tending spacecraft and 

instruments, and high- level command language for sensor re-targeting. 

8. develop high speed networks and protocols for dynamic space links for on-board 

data processing which will adapt commercial technology to achieve fault-tolerant, 
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high-performance space processors, networks, and storage. Advances in space 

communications are thus needed to enable such highly adaptable 

communications, 

9. construct and integrate next generation computer modeling techniques, thereby 

optimizing performance, and contributing architectural frameworks to promote 

model integration which would result in a more accurate Earth-process model. 

10. improve the area of Information Synthesis (e.g., deriving data information from 

extremely large complex discovery, visualization, and multi-mission data sets; 

provides tools to assist scientific access to knowledge) where further 

developments are needed in analysis including real-time science processing and 

distribution. 

11.  improve optical and spectral separation systems to allow reductions in the mass 

and cost of passive optical imaging systems for the measurement of land surface, 

vegetation, ocean, and atmosphere; detectors with high pixels counts; and on-

board processing to reduce data transmission requirements.will need to be 

developed. 

12. improve the modeling system, which assimilates the disparate observations and 

provides the critical link between the raw measurements and the ability make the 

complex information readily available to the community. As a result, this system 

improves decision support tools used by the operational agencies which in turn 

informs policy and management decisions. 
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13. improve the capacity to connect multiple observing and modeling systems into 

synergistic networks or systems of systems. 

14. develop a suite of observations and associated process models which will allow 

the development of a comprehensive understanding of the flooding process, its 

interactions with the local topography, soil conditions, and rainfall, and its 

influence on water quality and quantity, and the possible disruption of local 

economy. 

15. develop new technology and capabilities for real-time assimilation of new 

measurements into the science and policy-making communities.   

16. view all possible phenomena on all parts of the globe continually.  This will 

require development of new system concepts and advanced data processing 

methods to handle the massive influx of incoming data. 

17. optimize the use of multiscale data, research into model parameterization using 

remote-sensing information, combined with in situ networks and observation for 

supporting applications. 

18. obtain information which will help make progressively more-accurate estimates 

of global flooding conditions.  This information includes surface, subsurface, and 

hydrologic  characteristics, which can be remotely sensed under a range of 

observational requirements. Quantities that change rapidly, such as river stage or 

precipitation, call for hourly measurements, whereas others might require only 

seasonal measurements (e.g., vegetation) or occasional (5–10 yr) quantification 

(for example, soil composition and thickness).  Acquisition of such data in real-or 
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near-real time and integration of that information with quantitative models are 

requisite to the development of a capability to predict the timing and magnitude of 

floods and the heightened risk of landslides during storms, particularly in remote, 

poorly monitored areas. 

19. use this prototype system to integrate in-situ measurements, remote-sensing 

imagery and Web-enabled GIS information, in combination with hydraulic and 

hydrological data, to provide useful real-time products and model results. 

20. employ satellite-based flood measurements  as a means to  record actual flooding, 

rather than utilizing models or predictions to eliminate uncertainty. As the 

temporal resolution/coverage improves, this will become an increasingly reliable 

guide to flood-prone lands worldwide, and will help determine the probability of 

flood and flood return maps of flood-prone areas. 
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Abstract 

 
In this paper, we present a new way of detecting and monitoring flooding through 

the Autonomous Sciencecraft Experiment (ASE) (Chien, 2001), which is part of the 

Space Technology 6 effort under NASA’s New Millennium Program.  Recent autonomy 

experiments conducted on Earth Observing 1 (EO-1) using the ASE flight software have 

demonstrated the ability of several science algorithms to successfully classify key 

features, including flood- induced changes, in hyperspectral images captured by the EO-1 

Hyperion instrument.  Furthermore, onboard science analysis on the classified images has 

been performed, and then used to modify an operational plan without interaction from the 

ground (Sherwood et al., 2004).   These algorithms are used to downlink science data 

only when change occurs, and to detect features of scientific interests such as flooding, 

volcanic eruptions, and the formation and breakup of sea ice.  The purpose of this paper 

is to demonstrate the success of ASE and its implications on detecting, mapping, and 

monitoring transient processes such as flooding autonomously from space.  Mapping of 

water inundation and its change through time is part of our focus in studying transient 

processes from space.   
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In 2004, hyperspectral data were acquired from the Hyperion instrument for target 

areas around the world that have a high potential for flooding to develop and test 

floodwater classifiers.  In addition, classifier thresholds were determined from both 

normal flows and possible flood conditions.  The paper introduces the development, 

testing, and success of the ASE software in detecting and reacting to flooding in near real 

time. ASE is now operational and flight-tested, and, thus, ready to use for space-borne 

reconnaissance.  Successful demonstration of the floodwater classifiers includes the 

capture of a rare flooding event of the Australian Diamantina River during ground testing 

in February 2004, and the detection of flood-related changes along the Brahmaputra 

River in Bangladesh and the Yukon River in Alaska during onboard testing on EO-1 in 

2005.  Both of these detections led to triggered responses onboard the spacecraft, which 

included acquiring additional Hyperion scenes.  These results pave the way for future 

smart reconnaissance missions of transient processes on Earth and beyond.  It is hoped 

that ASE will become a default in future missions to increase the science return by 

introducing spacecraft autonomy for detection and monitoring of science events, which 

otherwise would be discovered too late or altogether missed. 

Keywords: ASE; Autonomous flood detection; EO-1; Hyperion; Remote sensing; flood  
 
monitoring 
 
1. Introduction 

Floods have been an integral part of the human experience since the start of the 

agricultural revolution when the first permanent settlements were built along the 

riverbanks of Asia and Africa. Seasonal floods deliver valuable topsoil and nutrients to 
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farmland and bring life to otherwise infertile regions of the world such as the Nile River 

Valley. Flash floods and large floods, on the other hand, are responsible for more deaths 

than tornadoes and hurricanes combined. In the United States alone over the past 60 

years, flooding has resulted in the deaths of hundreds of people and billions of dollars in 

damage (Weier, 1999).  In China and India, annual flooding along the Yellow, Yangtze, 

and Brahmaputra river systems has resulted in significant loss of life and property. 

Natural causes of flooding include: monsoonal rainstorms, tropical storms, tsunamis, 

hurricanes, snowmelt, extra-tropical cyclone activity, tidal surge, and failures of 

manmade dams and levees, as well as natural dams produced by snow avalanches, ice 

jams, and landslides.  

Many of the world’s urban centers are located in low-lying areas subject to 

flooding, thus the rapid identification of and response to flooded areas is essential to 

prevent   an environmental phenomenon from becoming a potentially grave disaster.   

One of the major problems with flood detection and monitoring is the inability to obtain 

timely information of water conditions from ground measurements and airborne 

observations at sufficient temporal and spatial resolutions.  Satellite remote sensing holds 

the key to flood monitoring because it permits timely investigation of areas of broad 

regional extent and provides global coverage and frequent, sometimes daily, imaging of 

the region of interest.   

The application of satellite data to flood mapping began with Landsat-1 (Hallberg 

et al., 1973, Morrison and White, 1976).  Progress has been made toward the use of 

satellite remote sensing for mapping, characterizing, and monitoring floods around the 
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world (Brakenridge et al., 2003).  Until now, however, near real-time flood detection and 

mapping has not been possible.  In the past, satellite image acquisition and downlink took 

at least 2 weeks before scientists received the data on the ground for analysis.  Because of 

this, storm-induced flooding such as flash floods (hours) and tropical cyclonic storm-

induced floods (days to months) were missed.  Another problem in flood monitoring is 

the large spatial extent of most drainage networks (e.g. the Brahmaputra is 0.65x106 km2, 

and the Amazon is 6x106 km2), resulting in often tremendous volumes of acquired 

satellite information, which is not only tedious to sift through but can cause a significant 

bottleneck during the data downlink (e.g., 240 Mbytes of compressed data for a 104km x 

7.7km long Hyperion image of the Brahmaputra).  

Spacecraft autonomy affords a solution to this problem.  Autonomous 

Sciencecraft Experiment (ASE), a science-driven, command-and-control technology 

demonstration, was undertaken in 2002 to develop spacecraft autonomy technology for 

the detection and monitoring of transient events such as flooding from space.  ASE was 

selected for flight demonstration by NASA’s New Millennium Program (NMP) as part of 

the Space Technology 6 (ST-6) mission.  NASA has identified the development of an 

autonomously operating spacecraft as a necessity for an expanded program of missions 

exploring the solar system.  In addition to flooding, transient processes under 

investigation include volcanic eruptions and the formation, retreat, and breakup of ice 

(see Davies et al. and Doggett et al., this issue, respectively).  ASE technology has been 

field- and flight-tested (using the EO-1 spacecraft) to autonomously: (1) detect change 

related to flooding in near real-time by processing the data onboard the spacecraft and  
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(2) react to the detected event by acquiring additional scenes of the flooded region until 

the flood has receded.  Overall, ASE (1) overcomes communication delays and restricted 

bandwidth; (2) increases science content of returned data by filtering null data such as 

scenes that do not record change or that are covered by clouds; (3) identifies features of 

interest, such as flood- induced change for closer examination; and (4) automatically 

retasks and triggers the collection of additional data when change is detected.    

In this paper, we presented an innovative way of flood monitoring using satellite 

remote sensing by the introduction of spacecraft autonomy through the ASE.  By placing 

data analysis and decision making capabilities onboard the spacecraft, the ASE software 

reduces the time it takes to detect and react to a flooding event to a few hours, and 

remove the need for human intervention.  The objective of this experiment is to 

demonstrate the ability of an autonomously controlled spacecraft to detect and react to 

dynamic events such as floods while optimizing use of limited downlink and maximizing 

science return.  This paper describes how ASE_FLOOD, one of three ASE science 

algorithms that are running on EO-1, was developed, tested and implemented.  We also 

present results obtained so far from onboard experiments using the science algorithm and 

outline applications of this technology to future space missions. 

2. Methodology 

2.1. EO-1 Spacecraft and its Hyperion sensor 

The EO-1 spacecraft flies in the Earth Observing System (EOS) “Morning 

Constellation”.  It is about 1 minute behind Landsat 7 and about 30 minutes ahead of 

SAC-C and Terra.   It was launched in November 2000 into a 705-km circular orbit with 
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an inclination of 98.7° and a 16-day repeat cycle.  It is the first Earth-orbiting satellite to 

carry a hyperspectral sensor, named Hyperion. Hyperion acquires data in 220 10-

nanometer-wide channel bands from 0.4 to 2.6 microns (visible through shortwave 

infrared), with a spatial resolution of 30 m at nadir.  Only about 10 scenes can be 

acquired daily, and each scene covers a small portion (7.7km swath width) of a Landsat 

scene (185km swath width).  However, the sensor’s cross-track pointing capability makes 

it possible for EO-1 to image as many as two paths from nadir either to the east or west, 

allowing for up to five daytime observations of a target every 16 days.  

2.2. Classifier Test Sites 

The Central Avra Valley Storage Recovery Project (CAVSARP) facility, located 

west of Tucson Arizona, is the primary ground truth location used in the development of 

the floodwater classifiers.  It consists of 10 recharge basins each measuring 

approximately 200m by 400m (some basins are smaller).  They were constructed by 

excavating 0.6 meters of soil.  The berm heights, which form the margins of the basin, 

range between 1.4 meters and 2.1 meters allowing a maximum water level of 

approximately 2 meters along the northern berm.  The floor materials of the recharge 

basins and in the surrounding area are predominately sand and gravel.  Fig. 1 shows an 

aerial view looking north towards the recharge basins with varying flood conditions.  The 

facility provides controlled conditions of soil moisture, ranging from dry to total water 

inundation.  In addition, it is relatively free of vegetation, and the recharge basins are 

topographically flat with relatively low surface roughness.  These features allow better 

correlation of Hyperion data with ground measurements. 
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During recharge operations, the basins are flooded and drained repeatedly in a 

controlled manner with Colorado River water from the Central Arizona Project (CAP).  

The CAP water is dominated by sulfate and bicarbonate.  It is also relatively clear and the 

suspended sediment concentration is minimal.  Laboratory results have indicated total 

dissolved solids (TDS) ranging from 548 to 712 mg/L with an average concentration of 

598 mg/L while trace metals and organics are both not detected (source: personal comm., 

Tucson Water).  The repeated flooding and draining allows water to infiltrate and 

recharge the underground regional aquifer.  It also mimics the natural flooding process of 

water inundation and retreat making it an excellent outdoor laboratory for the 

development and testing of floodwater classifiers.  Soil moisture and water inundation 

conditions in the basins can be tracked from both space-borne and field-based 

observations.  During controlled flooding events, for example, it is possible to observe 

the lateral spreading of water across any one basin from an inlet point located in the 

northwest corner of the basin, and to see the water infiltrate into the ground.  Drainage 

shows the opposite pattern, with the southern margin of any one basin drying out first.   

We have been compiling multiple layers of space-borne, airborne, and field-based 

information in time and space at the CAVSARP facility (Ip et al., 2004, Rucker et al., 

2004).  Coupling comparative analysis among the multiple layers of information 

(including Hyperion coverage of the facility) with assessment of the controlled basin 

conditions during overflights provides an optimal venue for the development and ground 

validation of the floodwater classifiers.   
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The classifiers developed from CAVSARP were then tested on six primary 

targets.  They are: (1) the Brahmaputra River, India-Bangladesh; (2) Yukon Flats, 

Alaska; (3) Rio Tanquari Pantanal Swamps, Brazil; (4) Okavango Delta Chief Island, 

Botswana, Africa; (5) Yellow River, China; and (6) Diamantina River, Australia (Figs. 

2a-f, respectively).  These targets are of special scientific interest because they record 

seasonal flooding and represent floods with distinct attributes (Table 1).  For example, 

the Okavango Delta of Chief Island, Botswana, is mainly a dry river system that records 

seasonal flooding from storm fronts during the summer months.  The Yellow River in 

China, located near the Mulls Desert, often experiences flooding from snowmelt and 

heavy rains in late spring, and due to the geology of the drainage basin, records 

floodwaters laden with silt and mud (hence the name). The Yukon River in Alaska 

records annual flooding related to snow and glacial melt in late spring every year; the 

glacial melt appears milky due to the transport of fine silt from glacial activity.  Other 

examples include Rio Taquari swamps, which experiences storm-related floods during 

the southern summer around February, and the Brahmaputra during the northern summer 

months (mostly June and July) from northern summer monsoons.   

2.3. Classifiers – Constraints and Requirements 

Limited memory, data storage, and processing speed onboard EO-1 have imposed 

constraints on ASE for the detection and classification of floods.  As a result, the onboard 

science algorithms are limited to using up to 12 of the 220 bands available from the 

Hyperion instrument.  Of these 12 bands, six are dedicated to the MIT/LL Hyperion 

Cloud Cover (HCC) onboard detection algorithm (Griffin et al., 2003).   The other six are 
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varied, depending on which science algorithm is used.  The images used by the algorithm 

are “Level 0.5”, an intermediate processing level between the raw Level 0 and the fully 

ground processed Level 1 (see Doggett et al., 2005).  These images only undergo dark 

image subtraction and have gain factors applied, but not the full radiometric calibration 

(Barry, 2001).  Each of the science algorithms uses a simple threshold of band ratios from 

specific wavelengths to classify the pixels.  In addition to the spectral constraint of using 

a maximum of 12 bands, there is an onboard spatial constraint, processing only 1024 

lines of a full Hyperion image, which can range from 3241 to 3633 scan lines depending 

on the amount of along-track pointing error.  Each scan line is about 30m on the ground.  

During a Hyperion datatake, ASE software skips the first 1164 scan lines of the image 

and onboard processing occurs with the subsequent 1024 scan lines.  As such, an image 

containing 1024 lines of data covers about 30km on the ground and makes up the middle 

part (7.7 x 30km) of a full image.  This is then processed onboard (pixel-by-pixel) to 

identify water.  Concurrently, a 7.7 x 30 km thumbnail of the classifier output is 

transmitted immediately to the ground, which includes a count of the number of water 

pixels for assessment during ASE testing.  During our investigation, 1024 lines of data 

was determined sufficient coverage of the area of interest in all our target locations 

(including when they are flooded and there is a maximum along-track shift).  We targeted 

our image acquisition by specifying the latitude and longitude coordinates of our target 

locations.  These are defined locations where the ASE software will run to monitor for 

flood conditions, and are potential flood targets. 
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This spatial constraint of 1024 lines of data together with the spectral constraint of 

12 bands were put in place to meet the limited onboard processing resources.  In addition, 

the specified coordinates correlate with the middle part of an image (in various cases, part 

of an image where flood-related change is imminent).  Because of this spatial constraint, 

prime locations were selected along major river systems where flood-related change will 

be greatest.  These locations include the confluence of major rivers, major breaks in slope 

where valley networks converge, and/or topographic basins where the floodwaters 

debouch.   

ASE_FLOOD classifiers utilize three Hyperion bands to discriminate all types of 

river water from other surface features in a scene.  The selection of the three bands 

provides spectral information at critical wavelengths while keeping processing cost to a 

minimum.  Efforts were made to reuse bands that were already applied by other 

classifiers.  For example, one of the floodwater classifiers uses bands 21 and 51 of the 

cloud classifier at wavelengths of 0.55 µm and 0.86 µm, respectively.  By doing this, the 

12-band spectral limit for onboard processing can be fully utilized.  This was a key aspect 

of the entire ASE software, since both onboard computer memory and processing time 

were limited.     

The algorithm is designed to run on daytime Hyperion images only, when 

incoming solar radiation is reflected from surface features (such as water) and 

subsequently measured by the Hyperion sensor.  Accurate determination of cloud cover is 

found to be important in classifier development because clouds that were not screened 
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out by the cloud classifier may later become misclassified as water (discussed in more 

detail in Section 2.6 and in Doggett et al., 2005). 

Early results show that radiance values are sufficient for the correct classification 

of water-inundated areas.  The use of radiance over reflectance was validated early on in 

our study from the field-based investigations at CAVSARP, with the classifier 

successfully detecting the inundated basins (Ip et al., 2004).  Fig. 3a shows the radiance 

and reflectance spectra of a water covered pixel in a typical Avra Valley scene plotted 

together showing similar shapes.  Radiances are determined from signal values recorded 

directly by the Hyperion sensor as opposed to the commonly used reflectance data, which 

are calibrated from the radiance values for the varying illumination and atmospheric 

conditions on different dates. In Fig. 3b, an Avra Valley scene acquired on 11/6/03 was 

classified using radiance and reflectance values respectively.  Both resulted in similar 

extents of water inundation in the various recharge basins.  The same is true for images 

acquired on other dates (Fig. 3c).   

The Hyperion spatial resolution of 30-m at nadir is an underlying constraint 

during the classifier development process.  Thus, the classifiers are designed for river 

systems of sufficient spatial extent to ensure change detection, essentially large river 

systems and areas that experience seasonal flooding (Table 1).  A “sub-pixel” object 

smaller than 30-m may be detected, but not resolved, since no subpixel-mixing model can 

be applied on the spacecraft.  Detectability of sub-pixel water also depends on several 

factors, which include water depth, water clarity, suspended sediment concentration, 
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‘substrate’ reflectance in shallow water, water cover extent, and scene and instrument 

noise (Legleiter et al., 2004). 

Over 150 Hyperion scenes of targeted areas around the world that are prone to 

annual/seasonal flooding have been acquired to date (December 2004), which are used to 

create base scenes (normal conditions which may include dry conditions).  If the targeted 

region is flooded during scene acquisition, it is recorded as a flooded scene.   

2.4. Classifier testing 

The classifiers were developed and validated by comparing classified Hyperion 

scenes with the basin inundation conditions observed at CAVSARP during data 

acquisitions.  The ground-truthed CAVSARP site is mainly used to evaluate how well the 

classifiers work in classifying water- inundated areas.  In the other locations, the 

classifiers’ performance is mostly based on visual inspection of images and expert 

opinion.   

Spectral signatures of water and other principal features in each scene were 

studied using ENVI/IDL image analysis software.  By comparing the basic characteristics 

and spectral shapes of specific features (e.g. water, vegetation, and land), water can be 

identified.  In Fig. 3d, for example, the spectra of wet and dry soils are plotted against 

deep and shallow parts of the CAVSARP recharge basins, among other features found in 

the 7/10/03 Avra Valley scene.    Also shown is a clear distinction among the spectra, 

which includes a good spectral separation for water identification in the near- infrared 

wavelengths (0.750-1.10 µm).  In general, feature separation utilizes spectral bands from 

“windows” where both atmospheric transmittance and the sensor sensitivity are relatively 
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high, resulting in a high signal-to-noise ratio.  Based on this and othe r spectral factors, 

wavelengths at 0.55 and 0.85 µm were selected for feature separation of water.  Radiance 

values from the wavelengths were then extracted from those same pixels used to create 

the spectra in Fig. 3d to generate a feature plot (Fig. 3e).  The corresponding feature 

locations are indicated on a true color image of the scene (Fig. 3f).  In the 7/10/03 scene, 

it is evident that the shallow water located in the southern part of basin 101, as well as 

wet soil, were properly classified.  This includes the correct classification of water-

inundated pixels. Also in the figure, the ASE classifier (shown as a line) also confirms 

the separation of both deep and shallow water.   

Water has unique spectral characteristics in the visible, near infrared, thermal 

infrared and microwave wavelengths.  For example, relatively clear water such as that of 

CAVSARP readily transmits blue and green wavelengths and absorbs near infrared solar 

radiation.  However, water containing high suspended solids reflects radiation at visible 

wavelengths while absorbing nearly all of the near infrared energy.  The fact that water 

absorbs strongly in the near- infrared wavelengths is useful in discriminating water from 

land and vegetative surface.  As mentioned in Toyra et. al (2002), a number of studies 

have used the near- infrared bands provided by SPOT, LANDSAT TM, and LANDSAT 

MSS sensors to successfully map and monitor the extent of surface water bodies, even 

though the flooded areas may be underestimated due to the misclassification of boundary 

pixels and exclusion of pixels covered by emergent vegetation.  A similar 

underestimation problem is encountered at the ground-truthed CAVSARP site due to 

mixed water pixels along the basin margins.  These pixels may be composed of several 



   

 

36

 
 
 

spectral signatures mixed together; for example soil and vegetation, as well as water 

among other possible factors.  As long as the underestimation is not so severe as to fail to 

trigger the acquisition of additional scenes, it does not become a concern.  Furthermore, 

the classifier is only binary, which means we are only interested in determining if a 

location is flooded or not, and not so much of how accurate the classification is. 

Underestimation problem becomes smaller in large water bodies which tend to have less 

boundary pixels.  In fact we ascertained that river systems targeted in this investigation 

are in the area range of tens of thousands of square kilometers (Table 1) so that 

classification underestimation is minimal.  More sophisticated procedures (e.g., spectral 

unmixing) can be used to obtain more accurate inundated area estimates once these 

additional scenes have been acquired. However, spectral unmixing is not used in the 

initial image because it will complicate the classification algorithm and increase 

processing time onboard the spacecraft.  Water in soil can also influence the spectral 

signature.  For example, as soil moisture content increases, its overall reflectance tends to 

decrease.  In Fig. 3d, it can be seen that wet sandy soil at Avra Valley has an overall 

lower radiance in all wavelengths compared to the dry soil.   

 Based on factors including those described above, a classifier for relatively clear 

water was developed using wavelengths at 0.55 and 0.85 µm.  Through field surveys and  

visual comparison between classified and true images shown in Fig. 3c, the classifier was 

able to accurately identify over 70% of the water pixels on all Avra Valley scenes, which 

is a success criteria ASE set forth for the classifiers.  This classifier was then applied to 

river systems listed in Table 1; it worked relatively well for all of the systems (Figs. 4a-
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d), except for the Yellow (Fig. 4e) and the Diamantina (Fig. 4f) Rivers, where the water 

is extremely laden with clay or silt.  For example, the classifier not only details the extent 

of water inundation, but also erosional and depositional features such as streamlined 

bedforms in many of the scenes (e.g., the Brahmaputra River shown in Fig. 4a).  When 

applied to the 8/16/03 Yellow River scene, the CLEARWATER classifier missed 95.1% 

of the true water pixels (7221 out of 7591).  From visual inspection, the water appears 

dark and muddy due to the large amount of silt and clay suspended in the water.  When 

the spectra from water pixels of both locations were analyzed (Figs. 5a-b), a difference in 

the spectra between water from Avra Valley and the Yellow River was observed.  The 

main reason that the CLEARWATER classifier failed is because of the large amount of 

suspended sediments present in the Yellow River (which are not present in the relatively 

clear CAP water at CAVSARP) and their effects on the returned spectral radiance from 

the water.  As such, the classifier algorithm was modified by choosing new wavelengths 

for the band ratio.  Two bands at wavelengths of 0.864 and 0.993 µm in the near- infrared 

region were selected.  Together, they provide distinct spectral separation of muddy water 

from other features in the yellow river scene (Fig. 5b).  Fig. 5c shows that the 

MUDDYWATER classifier correctly classifies the muddy- looking water in the 8/16/03 

Yellow River scene as compared to the CLEARWATER classified image.  In addition, 

the CLEARWATER classifier was further refined to reduce the false positives caused by 

clouds and shadows in one of the Avra Valley scenes (see Fig. 6).  This derived classifier 

is named the MURKYWATER classifier (to be differentiated from the CLEARWATER 

and the MUDDYWATER classifiers).  Together, these three classifiers make up the 
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ASE_FLOOD scene classification algorithm.  When we specify the location where ASE 

will look for floods, we also specify which classifier and the flood threshold value 

(discussed in section 2.5) that ASE will use when processing images for that location.    

In conclusion, our investigation resulted in the development of two primary 

classifiers, one for floodwaters that are relatively clear and the other for sediment- laden 

floodwater, such as the Yellow and the Diamantina Rivers.  The CLEARWATER 

classifier uses a ratio greater than 2.0 between radiance recorded in 0.55 µm (green) and 

0.86 µm (near- infrared).  Its derived MURKYWATER classifier uses the same band ratio 

but with the ratio value increased from 2.0 to 3.0.  And for the MUDDYWATER 

classifier, floodwater detection is by a ratio of less than 0.625 between 0.99 and 0.86 µm 

(both in the near- infrared wavelengths).  The final selection of bands for the classifiers is 

also listed in Table 2.   

2.5 Change-Detection Trigger Thresholds 

Flooding is equivalent to an increase in water-covered area through time.  As 

such, it can be detected as a change in the water-covered area of a water body.  During a 

typical EO-1 ASE mission scenario (Fig. 7), a change is detected by comparing a base 

scene (e.g., a pre-flood 7.7 x 30km Hyperion image) with a scene of the same target 

acquired later during onboard testing, and when there is an increase in the number of 

water-covered pixels (referred to hereafter as “wet” pixels) in the onboard processed 

image relative to the base image.  For instance, a base image (acquired 8/6/03) of a 

‘normal’ flowing Brahmaputra River has a total of 63979 wet pixels when compared to a 

total of 101031 wet pixels recorded on the same swath area of the Brahmaputra River in a 
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flooded scene (acquired 11/1/03).  In this case, 30% of the difference in wet pixels is used 

as the flood threshold for the Brahmaputra River, which is 11115 pixels or 4.2% of the 

image area.  Change-detection trigger threshold values for other ASE targeted locations 

are listed in Table 3.   

One concern during the development of these thresholds is the maximum 1-

second timing precision error of the Hyperion imager.  In Fig. 8, three scenes of the 

CAVSARP facility acquired on 7/10/03, 11/6/03 and 11/15/03 are shown.  With the 

7/10/03 scene as the reference, the along-track offsets among the scenes are 137 and 254 

pixels for the 11/6/03 and 11/15/03 scenes, respectively (corresponding to 4110m and 

7620m on the ground). Because of this along-track registration error, pixel-by-pixel 

comparison for change detection between scenes is not possible.  As a result, a total 

‘wetted’ area is used as the ASE threshold trigger for flood detection.  In addition, ASE 

onboard processing routine runs on a 30-km long swath (1024 scan lines; described in 

section 2.3).  This 30-km-long swath ensures that, if the scene acquisition is off by as 

much as 14km, the ASE classifiers will still be able to successfully detect a major part of 

the flood inundation.  Most of these targeted river systems occupy along-track distance 

between 2.6 km (e.g. Yellow River) to 32 km (e.g. Brahmaputra) (Table 1).  Thus, if the 

center of a river system is targeted in a 30-km Hyperion acquisition, and the pointing is 

off by 14km (i.e. the maximum along-track error), the acquired image will still be able to 

capture 2.3km of the Yellow River or 16km of the Brahmaputra River.  Triggers are set 

to 30% of total recorded change between a base scene and a peak flood scene, because 

this is large enough to ensure that flooding is indeed occurring, especially for large 
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systems.  In addition, triggers are based on ratios of pixel counts between specific class 

types (e.g., number of water pixels as a percentage of the total number of valid non-cloud 

pixels).  For target locations that have yet recorded a flooded scene, 30% of the total 

number of wet pixels recorded during normal conditions is used as threshold during 

testing.  If a scene is relatively clear, and the wet pixel count exceeds the predetermined 

threshold for that location, ASE will autonomously re-task the spacecraft to obtain 

additional scenes (including those regions upstream or downstream along the river to 

monitor the extent of the flooding).  This is a selective return mechanism where scenes 

are selected to be returned only if the flood triggers are activated.  These trigger 

thresholds are set in place to ensure that the satellite triggers a new data acquisition of the 

region that is flooding (the total number and timing of data acquisitions depends on the 

nature of the flooding such as size and timing).  The EO-1 satellite, for example, affords a 

possible acquisition of 5 daytime images during its 16-day repeat cycle.  This temporal 

constraint is sufficient to capture the onset and retreat of flood events similar to the one 

that was recorded along the Diamantina River in February 2004 (Fig. 9). 

2.6. ASE Operation procedures  

The ASE autonomous software is designed to run autonomously within the image 

acquisition queue of the imager onboard the spacecraft.  ASE operations include: 

(1) Cloud Cover Screening With MIT/LL Hyperion Cloud Cover Algorithm - 

Before any ASE classifiers are run, scenes are first screened for cloudiness using the 

onboard HCC codes.  If a scene has less than 50% cloud cover, it is then processed 

onboard for change detection.  Otherwise, it is automatically thrown out, and no further 



   

 

41

 
 
 

processing is run on it.  Fifty percent is only an arbitrary number that we used to screen 

out cloudy scenes.  A scene could be less than 50% cloud covered and still have part of 

the river covered by clouds.  At the same time, it could be more than 50% cloud covered 

and the river cloud free.  Thus a river system of sufficient spatial extent within a 

Hyperion scene is necessary because it is less likely to be obstructed by clouds.  The 

cloud classifier was developed for Level 1 data with a decrease in performance when 

Level 0.5 data is applied; 

(2) Change Detection With ASE_FLOOD Classifiers (part of the ASE_FLOOD 

algorithm is included below) 

ALG_FLOOD_CLEAR                      Triggers if (CLEAR / VALID)*100 > trigger 
ALG_FLOOD_CLEAR_RECEDE    Triggers if (CLEAR / VALID)*100 < trigger 
ALG_FLOOD_CLEAR_CHANGE    Triggers if 
                          (CLEAR / VALID)*100 > sec_trigger + trigger 
                          OR (CLEAR / VALID)*100 < sec_trigger -trigger 
ALG_FLOOD_MURKY                      Triggers if (MURKY / VALID)*100 > trigger 
ALG_FLOOD_MURKY_RECEDE    Triggers if (MURKY / VALID)*100 < trigger 
ALG_FLOOD_MURKY_CHANGE    Triggers if 
                          (MURKY / VALID)*100 > sec_trigger + trigger 
                          OR (MURKY / VALID)*100 < sec_trigger -trigger 
ALG_FLOOD_MUDDY                      Triggers if (MUDDY / VALID)*100 > trigger 
ALG_FLOOD_MUDDY_RECEDE    Triggers if (MUDDY / VALID)*100 < trigger 
ALG_FLOOD_MUDDY_CHANGE    Triggers if 
                          (MUDDY / VALID)*100 > sec_trigger + trigger 
                           OR (MUDDY / VALID)*100 < sec_trigger - trigger 
 

(3) Triggered Response, Selective Return and Continuous Monitoring; 

Once a scene is determined to be in flood condition during the onboard image analysis, 

ASE will trigger the satellite to return data of that image and continue acquiring images 

of that area.  This mechanism is called “selective return” because it acquires and returns 

data only in response to detected change in the trigger image.  Data acquisition will stop 
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when the number of classified water pixels in the image has returned to the normal level 

(i.e. flooding water has receded), or any pre-determined value. 

3. Results 

The performance of the classifiers was determined by comparing the classified 

image to ground-truthed information, and where there was no available ground truth 

information, to expert analysis. Nine Hyperion scenes were acquired of the CAVSARP 

during the experiment to help develop and test the ASE_FLOOD algorithm on the ground 

before flight.  During each datatake, ground surveys were performed at the CAVSARP to 

record the water conditions in each of the recharge basins (e.g. water depth, water 

inundation extent).  The success criteria of at least 70% correct classification set forth for 

the classifiers were met (based on ground-truthed or expert analysis).  Performance of the 

ASE classifier at the ground-truth CAVSARP facility was evaluated using EO-1 

datatakes of CAVSARP on 7/10/03, 11/6/03, 11/15/03, 11/22/03, 12/1/03, 12/8/03, 

12/17/03, 1/9/03, and 2/3/04.  Among them, 11/22/03, 12/8/03, 1/9/04 and 2/3/04 are 

cloudy, and they were discarded from analysis.  Ground-truth information, such as the 

extent of water inundation, inflow-rates, and water depths in each of the 10 recharge 

basins was used to calibrate and validate the floodwater classifiers.  The water depths and 

inflow-rates of each of the 10 recharge basins were provided by Tucson Water (Table 4), 

and the extent of water inundation was visually recorded on the ground during each 

Hyperion overflights (Fig. 1).  Table 5 shows the classification results for the different 

dates with corresponding classified images shown in Fig. 3c.  The overall classification 

accuracy ranges from 70.8 to 85.6%, which demonstrated the relatively good ability of 
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the classifier to identify water-covered areas while meeting the required 70% success 

criteria. 

The ASE_FLOOD classifiers were then applied to the six primary test sites, 

which are the Brahmaputra, Yukon, Okavango Delta, Rio Pantanal Taquarai Swamps, 

Yellow as well as the Diamantina Rivers.  The classified images of each are already 

shown in Fig. 4a-d, and 5c showing satisfactory classification based on visual inspection 

of the classified images.    

The ASE_FLOOD algorithm was then validated by applying it to a set of four 

onboard trigger and response scenarios with varying water cover conditions on the 

ground.  Table 6 lists the potential targets used for these onboard tests.  Each week, a 

potential target pick list was sent out by NASA Goddard listing all the targets that could 

be used for ASE testing during the following week.  The ASE trigger and response 

scenarios were then formulated from targets on the list based on the target’s past and 

present flooding conditions on the ground (e.g. areas prone to seasonal flooding like the 

Bangladesh Delta or areas reported in the media as currently flooding).  Summaries of the 

four onboard tests are tabulated in Table 7, and the trigger and response images are 

shown in Figs. 10 a-d.  These tests include: 

  
• The Yukon River in Yukon Flats Alaska on 7/14/04 (EO10680142004196110KY) 

did not trigger a reaction scene using the MUDDYWATER classifier.   
The Yukon River was at flood stage at the time.  However, no response was 
triggered and the test failed because the cloud classifier failed to detect clouds 
even though the scene was over 50% cloudy.  The main reason why the cloudy 
classifier failed was because MIT/LL HCC was designed to run on Level-1 
Hyperion data, and at the time only Level-0.5 data was available;  
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• The Yukon River in Yukon Flats Alaska on 8/11/04 
(EO1H0680132004224110KY) did not trigger a reaction using the 
MURKYWATER classifier.  It failed because the cloud classifier did not detect 
clouds.  The main reason is similar to the above Yukon River case; 

 
• The Brahmaputra River near Sirajganj Bangladesh on 1/31/05 

(EO11380432005031110PX ) triggered a response scene of the same location on 
2/2/05 (EO11380432005033110KF) using the MURKYWATER classifier.  This 
test succeeded with the classifier accurately classifying the flooded Brahmaputra 
river, and reacting by taking a response scene of the same river 2 days later; 

 
• The Yukon River in Yukon Flats Alaska on 4/26/05 (EO10680132005116110PF) 

triggered a response scene of the same location on 4/28/05 
(EO10680132005118110KF) using the MURKYWATER classifier.  The test 
succeeded with the classifier accurately classifying the Yukon River, and reacting 
by taking a response scene of the same river 2 days later. 

 
4. Conclusions and Implications  

The ASE_FLOOD classifiers have demonstrated their ability to accurately detect 

various types of floodwaters onboard the EO-1 spacecraft.  The classifiers are empirical, 

and are available for quantified analysis onboard the spacecraft.  The identification of 

water covered “wet” pixels is shown to be robust.  The purpose of ASE is tri- fold.  It has 

demonstrated the ability (1) to identify change related to transient processes such as 

flooding, (2) to respond rapidly to the onset of flooding, and (3) to return prioritized data 

of greatest scientific value.  The classifiers are still undergoing further onboard testing, 

and it is hoped that these results will pave the way for future smart reconnaissance 

missions of transient processes on Earth and beyond, as well as for the adoption of the 

ASE technologies on other space-borne platforms and Earth-based sensor-web alert 

systems.  Space platforms are already developing that include the use of radar sensors 

which can image through clouds.  Even though scenes that are over 50% cloud-covered 

are screened out during these ASE tests, these cloudy scenes could be areas that are rainy, 
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and the flooding could be occurring further downstream.  Even though we are limited by 

the repeat cycle of the satellite, some of the floods such as those caused by a hurricane 

can last weeks to months before the flood water receded.   As such, the 16-day repeat 

observation cycle of EO-1 is still able to provide sufficient time resolution for the 

monitoring of floods.  In the future, we will also try to study the changes in water quality 

and nutrient recycling during floods using the hyperspectral data.      

 In summary, the major impacts of ASE on hydrological sciences are the ability to 

autonomously detect, monitor, and react to flooding events as they occur, to filter out 

unwanted data, and to autonomously re-task the spacecraft to focus on and monitor 

targets.   In addition,  following the subsidence of the observed flooding, a more precise 

assessment of the damaged area (usually needed by authorities and by insurance 

companies providing coverage against natural hazards) can be performed by completing 

detailed maps of the event, which are necessary for both hazard assessment and as input 

to hydrological models used to plan structural alteration of watercourses.   

 The introduction of spacecraft autonomy and space-based surveillance 

complements existing in-situ ground-based and aerial-based monitoring networks for 

floods and permits ground personnel to focus on the science and the relief effort as 

opposed to waiting for the dataset to be down-linked and processed.   
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TABLES 
Table 1.  Targeted sites for the development of floodwater classifiers. 
Science 
Target 

Center 
Lat/long; 
country 

Flood type Drainage 
areas 

Rationale Classifier 
algorithm 
(waveleng
ths) 

Along-
track 
distance 
(km) 

Avra valley 32.24/  
–111.24, 
Arizona 

Artificial 
recharge/ 
human-
induced 
flooding 

Total of 
10 
recharge 
basins 
with a 
total area 
of about 
1.5 km2 if 
all are 
flooded 

Ground 
truth 
target 

0.55um/ 
0.86um> 
3.0 

n/a 

Brahmaputr
a River 

24.47/ 
89.69, 
India-
Bangla 
desh 

Extensive 
river system 
that 
becomes 
inundated 
due to snow 
melt and 
monsonnal 
precipitation 

650,000 
km2 

Annual 
monsoon-
related 
flooding 
in a highly 
populated 
region 

0.55um/ 
0.86um> 
2.0 

31.9 

Yukon 
River, 
Yukon 
Flats region 

66.16/     
-144.54, 
Alaska 

River 
system 
located 
below a 
glacier that 
floods 
annualy 
(seasonally) 
due to 
glacial 
meltwaters 

840,000 
km2 

Annual 
milky 
floodwater 

0.55um/ 
0.86um> 
2.0 

10.6 

Rio 
Taquari 
Pantanal 
Swamps 

-18.29/    
-56.75, 
Amazon 

Expansive 
swamp with 
streams that 
become 
inundated 
during 
tropical 
rains 

6x106 
km2 

Vegetated 
swampy 
stream 
systems  

0.55um/ 
0.86um> 
2.0 

21 
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Diamantina 
River 

-25.57/ 
140.37, 
Queens 
land 
Australia 

Mostly dry 
river system 
that 
becomes 
inundated 
by 
monsoonal 
rains 

119,000 
km2 

Capture 
flooding 
along a 
normally 
dry river 
system 

0.99um/ 
0.86um < 
0.625 

n/a 

Chief 
Island 
Okavango 
Delta 

-19.536/ 
23.127, 
Botswana 
Africa 

Alluvial fan 
that 
experiences 
annual 
(seasonal) 
flooding 
related to 
rainfall from 
the Angola 
highlands 
between 
February 
and May 
(~9E9 
m3/yr) 
(Wilson and 
Dincer, 
1976) 

Alluvial 
fan 
nearly 
40,000 
km2 

Wetlands 
and 
World’s 
largest 
inland 
delta 

0.55um/ 
0.86um> 
2.0 

26.1 

Yellow 
River           
(Mulls 
Desert) 

40.86/ 
107.98 
China 

Summer 
rain; snow 
melt 

752,443 
km2 

Mud-
laden 
floodwater 

0.99um/ 
0.86um < 
0.625 

2.6 
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Table 2. Wavelength selection table used by the MIT/LL cloud detection and the 
ASE_FLOOD scene classification algorithms.   

 
 
Table 3.  ASE threshold trigger values based on a 7.7 x 30km (or 256x1024 pixels) sub-
scene based on 30% of maximum recorded change. 
 A. Base image 

pixel count (date) 
– normal water 
conditions e.g. 
normal flow on 
rivers 

B. Flood image 
pixel count 
(date) – largest 
water covered 
area recorded to 
date on a 
particular river 
reach 

Increase in # 
of water 
pixels  (Pixel 
count 
Difference) = 
(col. B –col. 
A) 

Flood 
Detection 
Threshold 
Trigger: 
% of total 
surface area 
based on a 
256x1024 
prime strip 
(pixel count) 

Avra 
Valley 
(ground 
truth) 

160 (7/10/03) 736 (12/17/03) 576 0.066%  
(173) 

Brahmapu
tra River 

63979(11/1/03) 101031 (8/6/03) 37052 4.24%  
(11115) 

Rio 
Swamps 

8890(3/16/04) 22983(6/15/04) 14093 1.6 % (4228) 

Okavango 
Delta-
Chiefs 
Island  

0 (1/16/04) 37679 (8/19/01) 37679 4.3%  
(11303) 

Yellow 
River 

7295 (8/18/04) 34843(11/2/03) 27548 3.15 %  
(8264) 

Yukon 
River 

15207(8/18/03) 41264 (4/23/04) 26057 2.98% 
(7817) 

Diaman    
tina River 

0 (1/5/04) 149690 (1/30/04) 149690 17.1%  
(44907) 
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Table 4a.  Water depths of the recharge basins during each of the Hyperion datatakes 
(provided by Tucson Water) 
Water 
depth 
(m) 

7/10/03 11/6/03 11/15/03 12/1/03 12/17/03 

RB101 1.0 0.0 0.0 0.0 2.4 
RB102 0.0 0.0 0.7 0.6 0.0 
RB103 0.4 2.1 1.3 1.6 1.1 
RB104 0.0 0.0 0.0 0.0 0.0 
RB105 0.0 1.1 2.2 1.7 1.8 
RB106 0.0 0.0 0.0 0.0 0.0 
RB107 0.6 2.2 1.6 0.0 0.0 
RB108 0.6 1.2 1.6 1.3 2.0 
RB109 0.0 0.0 0.0 0.0 0.0 
RB110 0.0 0.0 0.0 0.0 1.2 
Table 4b.  Water inflow rates of the recharge basins during each of the Hyperion 
datatakes (provided by Tucson Water) 
% 
flowrate 
(m3/h) 

7/10/03 11/6/03 11/15/03 12/1/03 12/17/03 

RB101 0 0 0 0 2072 
RB102 91 0 5127 5129 0 
RB103 0 1380 881 437 0 
RB104 0 0 0 0 0 
RB105 0 1839 0 559 2778 
RB106 0 0 0 0 0 
RB107 0 1806 0 0 0 
RB108 0 1535 661 475 3035 
RB109 0 0 0 0 0 
RB110 0 0 0 0 2363 
 
Table 5.   ASE_FLOOD classifier performance at the Avra Valley – ground truth site 

Date 

#classi
-fied 
water 

# 
true 
water 

# false 
positiv
es 

# false 
negativ
es 

User's 
Accuracy
(%) 

Producer's 
Accuracy 
(%) 

Overall 
Mapping 
accuracy 
(%) 

7/10/2003 160 226 0 66 100.0 70.8 70.8 
11/6/2003 398 451 14 53 96.6 88.2 85.6 
11/15/2003 488 577 17 89 96.6 84.6 82.2 
12/1/2003 373 429 27 56 93.3 86.9 81.8 
12/17/2003 619 691 109 72 85.0 89.6 77.4 
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Table 6.  List of potential targets used during onboard ASE test 
River/watershed which stretch/city of it country Region 

Zambezi River 
Mopeia Velha, Caprivi 
Strip 

Mozambique, 
Namibia Africa 

Chiefs island Okavango Delta botswana Africa 

Songhua 
Heilongjiang, 
Northeastern china china Asia 

Yellow Inner Mongolia, Echeng china Asia 

Yangtze 

Dongting Lake, Jiangling, 
Wuhan, Chongqing, 
Nanjing china Asia 

Ganges Bihar, W. Bengal India Asia 
Gandak Bihar India Asia 
Ghaghra Bihar, Uttar Pradesh India Asia 
Bramaputra Assam India Asia 
sapt kosi bihar India Asia 
Ganges Rajshahi Bangladesh Asia 
Bramaputra Rajshahi Bangladesh Asia 
meghna Chittagong Bangladesh Asia 
irrawaddy sagaing, mandalay Myanmar Asia 
chindwin sagaing Myanmar Asia 

Lena 
sangar, kitchan, 
cystatyam Russia Asia 

Prip'at' Mozyr Belarus Europe 
Black Arkansas US N.America 
White Arkansas US N.America 
guadaloupe Texas US N.America 
Brazos Texas US N.America 
Trinity Texas US N.America 
nueces Texas US N.America 

mississippi 
cape girardeau, 
Mississippi US N.America 

missouri chesterfield, Missouri US N.America 
Ohio Kentucty US N.America 
red river of the 
north Minnesota, N. Dakota US N.America 
Scioto Ohio US N.America 
Amazon River Tefe, Ica confluence Brazil S.America 
Rio Negro Padauari confluence Brazil S.America 
Parana River Ivai confluence Brazil S.America 
araguaia Sao Felix Brazil S.America 
orinoco Meta Confluence Columbia S.America 
orinoco Ciudad Guayana, Caicara Venezuela S.America 
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apure San Fernando de Apure Venezuela S.America 
apure High Apure Columbia S.America 
Uruguay River Concepcion de la Sierra Argentina S.America 
Rio salado Luis D'Abreu Argentina S.America 
Tebicuary San Juan  Paraguay S.America 



   

 

55

 
 
 

Table 7.  Performance of the ASE_FLOOD algorithm on 4 onboard trigger and response 
tests. 
 Trigger 

scene 
Classified 
water 
pixel 
(clear, 
murky, 
muddy) 

# of 
cloud 
pixels 

% false 
postives 
and 
negatives 

ASE 
threshold 
(water 
pixels, 
cloud 
pixels) 

Response 
scene 

False 
trigger 

7/
14

/0
4 

Yukon 
River  -  
Yukon 
Flats 

n/a >90% 
cloud 

n/a 7817 
water, 
50%  
cloud 

No 
response 
scene 

n/a – 
cloud 
classifier 
failure 

8/
11

/0
4 

Yukon 
River - 
Yukon 
Flats 

n/a >90% 
cloud 

n/a 7817 
water, 
50% 
cloud 

No 
response 
scene 

n/a – 
cloud 
classifier 
failure 

1/
31

/0
5 

Brahmapu 
tra River -  
Sirajganj, 
Bangladesh 

46818 1268 
cloud 
pixels 

0 11115 
water, 
50% 
cloud 

2/2/05 
Brahmaput
ra River-
Sirajganj, 
Bangladesh 

N 

4/
26

/0
5 

Yukon 
River  -  
Yukon 
Flats 

73792 0 0 7817 
water, 
50% 
cloud 

4/28/05 
Yukon 
River-
Yukon 
Flats 

N 
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FIGURES 
 

 
 
Figure 1.  Recharge basins (RB101 – RB110) at the CAVSARP facility showing different 
degrees of water inundation conditions: empty, partially filled, and flooded.  Basin inlets 
are indicated by the yellow stars. 
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Figure 2.  Typical Hyperion images collected at the 6 primary test sites during the ASE 
experiment: (A) Brahmaputra River, (B) Yukon River, (C) Okavango Delta, (D): Rio 
Swamps, (E) Yellow River, and (F) Diamantina River. 

A B C D E F 
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Figure 3a.  Spectra in both radiance and reflectance of a water-covered pixel in a typical 
Avra Valley scene, plotted together showing similar shapes. 
 

 
Figure 3b. Satisfactory classification of water distribution among the recharge basins in 
the 11/6/03 Avra Valley scene using reflectance and radiance values respectively. (Note: 
Classified water is depicted in blue and is superimposed on the true-color images.)   
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Figure 3c.  Classified images of all the Avra Valley scenes 7/10/03, 11/6/03, 11/15/03, 
12/1/03, 12/17/03, using the CLEARWATER classifier. (Each with their corresponding 
true-color images above them.) 
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d. 

 
 e.             f. 

Figure 3d-f. The top figure shows spectra of different features in the 7/10/03 Avra Valley 
scene plotted using Level 0.5 Hyperion radiance data.  The respective feature locations 
(X column Y row) are included in the legend, and are indicated on the true image (Fig. 
3f; bottom right) by distinct symbols.  These features include water from both the deep 
and shallow end of a recharge basin (RB-101), vegetation, soil (both dry and wet), and 
shadows from local hills.  Using spectral radiance from bands 21 and 51 at 0.55 and 0.86 
µm (indicated by the red vertical lines in Fig. 3d), a feature plot of the different features 
is plotted in the Fig. 3e, showing good feature separation of water (independent of depth) 
in a typical Avra Valley Hyperion scene by ASE CLEARWATER classifier (shown as a 
solid line). 
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Figure 4. ASE CLEARWATER classifier applied to the a. Brahmuputra River (8/6/04 
scene), b.Yukon River (7/19/03), c.Okavango Delta Chief Island in (8/19/01), d. Rio 
Taquari Pantanal Swamps (11/11/03), e.Yellow River (8/16/03), f. Diamantina River 
(1/30/04).  These classified images represent a spatial subset of a full Hyperion image 
(see Fig. 2), and is approx. 7.7 km wide x 30 km long. 
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Figure 5a.  Spectrum of a muddy water pixel (at location X:138,Y:2064) from the 8/16/03 
Yellow River scene plotted against spectra of different features in the 7/10/03 Avra 
Valley scene, indicating the distinct difference in the spectral signatures between the 
relatively clear water in the Avra Valley recharge basins and the muddy water in the 
Yellow River. 
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Figure 5b.  The top figure shows spectra of different features in the 8/16/03 Yellow River 
scene plotted using Level 0.5 Hyperion radiance data.  The respective feature locations 
(X column Y row) are included in the legend, and are indicated on the true-color image 
(bottom right) by distinct symbols.  These features include muddy water, vegetation, 
white-colored land, grey-colored land, and dark brown soil.  Using spectral radiance from 
bands 51 and 85 at 0.86 and 0.99 µm (indicated by the red vertical lines in top figure), a 
feature plot of the different features is plotted in the bottom left figure, showing good 
feature separation of water (independent of depth). 

B 
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Figure 5c.  Classified images of the 8/16/03 Yellow River scene classified with the 
CLEARWATER and the MUDDYWATER classifiers. 
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Figure 6.  Plot showing some of the false positives resulted from cloud shadows and 
shadows from hill on the 11/15/03 Avra Valley scene using the CLEARWATER 
classifier. 
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Figure 7.  Flow diagram illustrating the ASE mission concept; ASE autonomously detects 
change by comparing a base scene (e.g., pre-flood Hyperion data acquisition of a specific 
prime site of scientific interest with dimensions 7.7-km-wide and 30-km-long) with a 
scene of the same target acquired later during onboard testing (Fig. 10).   
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7.10.03 11.6.03 11.15.03

Offset Calculation for 
Avra Valley

Relative offset b/w scenes

0:+137:+254 (pixels)         
0:+4110:+7620 (meters)        
0:+2.55:+4.73 (miles)          
1 pixel = 30m

Figure 8.  Scenes of the Avra Valley CAVSARP recharge facility that show pointing 
offset of three different datatakes with corresponding values. 
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Figure 9.  Diamantina flooding sequence.  Classified scenes of prime sites (256 x 1024 
pixels / 7.7 by 30km - center subset of a Hyperion scene) along the Diamantina River 
(1/5/04, 1/30/04, 2/6/04, 2/13/04, 2/15,04, 2/22/04 and 2/29/04).  This figure 
demonstrates the EO-1’s 16-day-repeat cycle is sufficient to capture the onset and retreat 
of a flood event such as this one. 
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Figure 10a.  Flood trigger-response scenario 1.  Yukon River (7/14/04), which the 
ASE_FLOOD classifiers failed to classify because of excessive cloud cover. 
Figure 10b.  Flood trigger-response scenario 2; Yukon River (8/11/04), which the 
ASE_FLOOD failed to classify because of excessive cloud contamination. 
Figure 10c. Flood trigger-response scenario 3; Flooding along the Brahmaputra River 
near Sirajganj Bangladesh on 1/31/05 triggered a second data acquisition on 2/2/05 
(Note: the trigger threshold were cloud<50% and water>4.24% or 11115 pixels; the first 
Brahmaputra scene has a total of 46818 classified water pixels, which exceeded the 
threshold, thus, triggered the second data acquisition.  The second image has 55239 water 
pixels, indicative of a progressing flood) 
Figure 10d. Flood trigger-response scenario 4; Flooding along the Yukon River near 
Yukon Flats Alaska on 4/26/05 triggered a second data acquisition on 4/28/05 (Note: the 
trigger threshold were cloud<50% and water>2.98% or 7817 pixels; the first Yukon 
scene has a total of 73792 classified water pixels, which exceeded the threshold, thus, 
triggered the second data acquisition.  The second image has 51542 water pixels, 
indicative of a retreating flood) 
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Abstract 

 
In 1997, the Sensor Web was conceived at the NASA/Jet Propulsion Laboratory 

(JPL) to take advantage of the increasingly inexpensive, yet sophisticated, mass 

consumer-market chips for the computer and telecommunication industries and use them 

to create platforms that share information among themselves and act in concert as a single 

instrument. This instrument would be embedded into an environment to monitor and even 

control it. The Sensor Web’s purpose is to extract knowledge from the data it collects and 

use this information to intelligently react and adapt to its surroundings. It links a remote 

end-user's cognizance with the observed environment. Here, we examine not only current 

progress in the Sensor Web  technology, but also its recent application to problems in 

hydrology to illustrate the general concepts involved.  

 
Keywords: Sensor Web, network, wireless, hydrology, flood.  
 
1. Introduction 
 

In 1997, the Sensor Web was conceived at the NASA/Jet Propulsion Laboratory 

(JPL) to take advantage of the increasingly inexpensive, yet sophisticated, mass 

consumer-market chips for the computer and telecommunication industries and use them 
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to create platforms that share information among themselves and act in concert as a single 

instrument. This instrument would be embedded into an environment to monitor and even 

control it. The Sensor Web’s purpose is to extract knowledge from the data it collects and 

use this information to intelligently react and adapt to its surroundings. It links a remote 

end-user's cognizance with the observed environment. Here we examine not only current 

progress in the Sensor Web technology, but also its recent application to problems in 

hydrology to illustrate the general concepts involved. 

 
2. Overview of the Sensor Web 
 

In its most general form, the Sensor Web is a macro- instrument comprised of 

spatially-distributed sensor platforms[1]. As shown in Figure 1, these platforms, or pods, 

can be orbital or terrestrial, fixed or mobile. Coordinated communication and interaction 

among the pods provides a local fusion of the dispersed data and results in a spatio-

temporal understanding of the environment. Specific portal pods provide end-user access 

points for command and information flow into and out of the Sensor Web. The 

NASA/JPL Sensor Webs Project is currently focused on in situ Sensor Webs, with the 

resulting instrument accessible, in real- time, via the Internet. 

The Sensor Web’s capabilities are useful in a diverse set of outdoor applications 

ranging from precision agriculture to perimeter security to effluent tracking. Wireless 

networks of sensors are often marketed as replacements for running wire to sensing 

points. 
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Figure 1: Generalized concept of the Sensor Web, including both orbital and 
terrestrial platforms. 
 
Naturally this holds true for the Sensor Web as well, with the individual pods 

communicating among themselves wirelessly. However, it is more significant that the 

Sensor Web, with its unique global information sharing protocol, forms a sophisticated 

sensing tapestry that can be draped over an environment. This Sensor Web approach 

allows for various complex behaviors and operations, such as on-the-fly identification of 

anomalous or unexpected events, mapping vector fields from measured scalar values and 

interpreting them locally, and single-pod detection of critical events which then triggers 

changes in the global behavior of the Sensor Web. 

Wireless networks are not a new approach to environmental monitoring and it is 

common to find systems where remote sensors in the field communicate to central points 

for data processing in a star-network formation. The Sensor Web, however, is an 

amorphous network, creating an embedded, distributed monitoring presence which 
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provides a dynamic infrastructure for sensors. By eschewing a central point on the 

network, information flows everywhere throughout the instrument (see Figure 2). 

So far, this sounds like a typical ad hoc, self-configuring, mesh network. Often the ideas 

of hopping information around such a network are framed in terms of the power 

advantage gained by doing so. While this advantage certainly exists, the Sensor Web 

concept goes one step further: The individual pods comprising a Sensor Web are not just 

elements that can communicate with one another; they are elements that must 

communicate with one another. Whereas wireless networks are typically discussed as 

confederations of individual elements (like computers connected to the Internet), the 

Sensor Web is a single, autonomous, distributed instrument. The pods of a Sensor Web 

are akin to the cells of a multi-cellular organism; the primary purpose for information 

flow over a Sensor Web is not about getting data to an end-user, but rather to the rest of 

the Sensor Web itself. 

 

 
Figure 2: The Sensor Web forms an informational backbone that creates a dynamic 
infrastructure for the sensors in the Sensor Web pods. 
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By design, the Sensor Web spreads collected data and processed information 

throughout its entire network. As a result, there is no design criterion for routing as in 

more typical wireless systems. Routing, by definition, is a focused moving of information 

from one point to another. In contrast, information collected by a Sensor Web is spread 

everywhere, rendering meaningless the concept of routing on it. Instead, the 

communication protocol on a Sensor Web is relatively simple and is structured for both 

omni- and bi-directional information flows. Omni-directional communication implies no 

directed information flow while bi-directional communication lets individual pods (and 

end-users) command other pods as well as receive information from them. Consequently, 

information on the Sensor Web can result from four types of data: (a) raw data sensed at 

a specific pod, (b) post-processed sensed data from a pod or group of pods, (c) commands 

entered into the distributed instrument by an external end-user, and (d) commands 

entered into the distributed instrument by a pod itself. The Sensor Web processes this 

internal information, draws knowledge from it, and reacts to that knowledge. 

Since there is no specific routing of information, all pods share everything with 

each other. After each measurement is taken, both raw and processed information from 

each pod are moved throughout the Sensor Web to all other pods before the next 

measurement is taken. In this way, the total snapshot associated with that instant in time 

is available to all pods on the Sensor Web. This global data sharing allows each pod to 

be aware of situations beyond its specific location. Pods may therefore combine data 

across the Sensor Web to identify a moving front and determine its speed and direction, a 

task that a single-point measurement can not accomplish. Pods may also use neighbors to 
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examine the stochastic nature of their local measurements to determine whether or not the 

data collected are well-behaved. Such macroscopically coordinated data processing 

would not be as straightforward if each pod were semi-autonomous on the network, as in 

typical wireless sensor systems. There is a certain stiffness to the information flow over 

the Sensor Web compared to the individually directed node-to-node information threads 

on more typical wireless systems. The Sensor Web pods may be thought of as individual 

pixels in a much larger instrument that can take snapshots at regular intervals of the entire 

environment in which it is embedded and each pixel is simultaneously aware of the 

overall picture as well as its local readings. 

 
3. Sensor Web Pods 
 

A Sensor Web pod consists of five basic modules: 

(1) The radio which links each pod to its local neighborhood. The NASA/JPL Sensor 

Web pods use radios operating in the 900 MHz license-free Industrial, Science and 

Medical (ISM) band with an upper range of ~200 m or more. (Implicitly, we assume 

none of the in situ Sensor Webs discussed here are deployed underwater, where acoustic 

modems severely limit bandwidth and communication range relative to these ISM 

radios.) 

(2) The microcontroller which contains the system’s protocols, communicates with the 

attached sensors, and carries out data analysis as needed. 

(3) The power system. The NASA/JPL system uses a battery pack with solar panels to 
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keep the batteries charged. The combination of solar panels and micropower electronic 

design have kept Sensor Web pods operating in the field for years without requiring 

maintenance. 

(4) The pod packaging. This key module is often overlooked, especially for Sensor Web 

applications in the wild. The package must be light, durable, inexpensive, and sealed 

against such elements as rain, snow, salty sprays, dust storms, and local fauna. In 

addition, it must provide for easy and rapid mounting. 

(5) The sensor suite. This module is completely determined by the specific application. 

Ideally, the sensor suite will, in fact, be the prime determining factor for the size, cost, 

and power requirements of a Sensor Web pod, making the Sensor Web infrastructure 

attractive for any application. What is considered an inexpensive or small Sensor 

Web pod in one application may not be viewed as such in another. 

We have been conditioned by decades of experience with Moore’s Law (and the 

technology revolution associated with it) to think that smaller is always better. There are 

certainly practical reasons for limiting the size of a Sensor Web pod. In an outdoor 

environment, smaller and lighter pods are easier to deploy since more can fit into, say, a 

backpack. However, shrinking pods to infinitesimal sizes is undesirable for a typical 

outdoor Sensor Web system. Consider the impact of size with respect to three key Sensor 

Web pod design issues: power, antenna size, and transducers. 

An important design requirement for typical outdoor Sensor Webs is pod 

longevity. In many cases, deployment is only practical during certain seasons and 

therefore intra-season maintenance must be avoided. As a result, maximizing the 
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available power, by cleverly using batteries and/or energy harvesting, is critical. Batteries 

are often rated in terms of their energy density (watt-hours per unit volume). This is 

because cells can be added serially to increase total available voltage. The larger the 

volume of the Sensor Web pod, the more volume is available for power from any 

particular battery technology. 

There are only two ways to maintain a given amount of battery power level 

available while allowing the pod volume to shrink: improve the battery technology or 

reduce energy use within the pod. While there are numerous efforts to provide higher 

energy-density power sources than are typically available (e.g. lithium ion batteries), 

none are yet commercially available for consumer use. In addition, many experimental 

batteries have limited lifetimes. Moreover, any suitable battery technology must be 

essentially zero-maintenance and environmentally robust (especially to changes in 

temperature, both seasonal and diurnal). As for improving energy efficiency, the laws of 

physics require a certain power output to broadcast a given distance. Therefore, although 

one can lower the energy per bit involved in computation, the wireless communication 

puts a hard limit on how much energy will be required for the system to operate for a 

given pod-to-pod distance. 

Now consider energy harvesting which is typically accomplished via solar power 

charging secondary batteries. Here, too, the smaller the platform, the smaller the solar 

panels used to re-energize the system, and the smaller amount of energy that can be 

harvested for a given panel. Clearly, beyond a certain size, the smaller one designs a 
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Sensor Web pod for a given set of operating parameters, the more one gives up in terms 

of longevity with respect to available power. 

Antennas are also directly related to platform size. Again, the laws of physics 

dictate the appropriate antenna geometry for a given operating frequency to ensure a 

proper impedance match into the radiated space. As a result, while the on-board 

processor and radio electronics may shrink, the antenna may not if a particular 

communication range is required. Without proper coupling, radiation efficiency is 

reduced and power must be increased to the radio to maintain range. We therefore find 

that since most outdoor Sensor Webs required pod-to-pod ranges of at least tens of 

meters, indiscriminate shrinking of the individual antennas clearly compromise the 

telecommunication subsystem. 

Lastly, consider the sensors themselves. Many sensors used in outdoor field 

applications, though compact and inexpensive, are not micro-electromechanical system 

(MEMS) devices and therefore cannot be integrated into the Sensor Web pod at the chip 

level. As a result, for a wide variety of Sensor Web applications in an outdoor 

environment, the sensors will be additional components added to the basic pod platform. 

Clearly, there is little to be gained by continually shrinking the platform if the sensors 

themselves remain the limiting size element. Moreover, shrinking the platform may 

actually complicate the design if it becomes difficult to integrate the sensors into the pod. 

As shown in Figure 3, the NASA Sensor Web pods have been developed in 

several sizes, including that of a gumball and that of a couple of decks of playing cards. 

Significantly, the gumball-sized pod dates back to 1998[1], demonstrating, even then, 
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that it was relatively easy to make small platforms so long as only simple measured 

parameters (i.e. temperature, humidity, etc.) and short pod-to-pod communication 

distances (i.e. order of meters) were required. Such small pods are ideal for building or 

factory monitoring, but less practical for outdoor environments for reasons discussed 

above. From this discussion, it is apparent that, while smaller pods are desirable, 

shrinking pods beyond a certain point brings about a case of diminishing returns. 

 
4. Fielding a Sensor Web 
 

With the objective to do real in situ environmental work, the NASA/JPL Sensor 

Webs Project has been aggressive about fielding instruments. Sensor Webs have been 

deployed in a large variety of demanding real-world locations for many months or even 

years. For example, Sensor Webs have been at the Huntington Botanical Gardens in San 

Marino, CA starting with the deployment of Sensor Web 2.0 in June 2000 and continuing 

with Sensor Web 3.0, the first permanent wireless sensor network system to provide 

continuous real-time streaming data to users over the Internet, in October 2001. The 

Gardens continue to remain a significant test site for Sensor Web technology[1].  

Information about other deployments in a variety of environments, as well as real-time, 

streaming data from several present deployments, is available on the Internet[2]. 
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Figure 3: Various Sensor Web pods. Left: Functioning Sensor Web 1.0 pod, circa 1998. 
Note the small size which includes antenna, battery, and temperature and light sensors. 
Right: Sensor Web 3.1 pod deployed at the Huntington Botanical Gardens, circa 2002. It 
is about the size of two decks of playing cards. The pod is mud spattered from rain and 
watering. Subterranean sensors (soil moisture and temperature) can be seen going into the 
ground. 
 

From the experience of deploying the Sensor Web in a multitude of environments 

with varying conditions, it is apparent that the ease with which the system is deployed is 

just as critical for acceptance by end-users as are its technological aspects. With the 

exception of applications in battlefield theaters, most outdoor Sensor Web applications 

require the system to be deployed in manner that does not harm the monitored 

environment. For example, end users have expressed concerns that if Sensor Web pods 

are too small, local fauna may try to ingest them and choke. End-users also want to avoid 

littering their environment with hundreds of pieces of microelectronic gear. 

Most applications require tracking specific pod location and it is therefore highly 

unlikely that pods will simply be sprinkled over large areas. In addition, coupling sensors 

into the environment will usually prevent such a passive deployment. For example, 

neither subterranean nor seismic sensors can be deployed by a sprinkling technique, as 

both require laborious efforts for appropriate sensor mounting. Consequently, the 
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mounting and placement of Sensor Web pods will be an active operation and likely to be 

done by hand in most instances. 

The methods used to mount the Sensor Web pods depend not only on the 

application but also the particular field site. Pod placement very close to the ground can 

limit transmission distance. Nevertheless, while the Huntington Garden pods are within 

10 inches of the ground, they have sufficient communication power to keep an adequate 

pod-to-pod distance. Often, for logistical reasons, the Sensor Web pods tend to be 

mounted higher off the ground with the attendant benefit of increasing the wireless 

distance. Local terrain is rarely level which also tends to increase transmission distances.  

We have typically used posts (for horizontal surfaces) and brackets (for vertical surfaces) 

to mount the pods. These types of mounts are both small enough and light enough to 

bring into the field yet are sturdy enough for fixing the Sensor Web pods rigidly in place 

for long durations. 

5. Sensor Web Deployment at a water recharge basin 
 

Each year, large-scale flooding affects millions of people around the world with 

attendant losses of property and life. A major limitation in the mapping and 

characterization of catastrophic floods is an inability to monitor them in real-time. For 

instance, it has been historically difficult to study transient hydrologic phenomena such 

as storm-induced flooding, surface water movements, water infiltration, and soil moisture 

conditions. This limitation has had a direct impact on accurate flood prediction systems. 

The Sensor Web can address this deficiency by providing real-time detection and 

monitoring of both surface water conditions and water infiltration. 
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Figure 4: Aerial view of a portion of CAVSARP facility showing the location of the 
Sensor Web pods in recharge basin 102. The portal pod (pod 0) is connected to a 
computer which transfers the data to the Internet. In this photograph, recharge basin 103 
is drying out, with the wetter soil in the northern portion of the basin. In contrast, basin 
102 is being flooded with the moving water advancing southward. The basins 
immediately north of 103 and south of 102 are fully flooded. 
 

We have deployed a Sensor Web at the Central Avra Valley Storage and 

Recovery Project (CAVSARP) facility located west of Tucson, AZ[2,3] and shown in 

Figure 4.  The facility is located in a desert environment of the semi-arid Southwest 

United States where the artificial recharge basins experience repeated flood cycles.  The 

controlled flooding conditions at the CAVSARP facility are ideal for the investigation of 

various hydrologic processes. Common geomorphologic features related to flood 
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inundation observed at the site are analogous to features often found in ancient paleolakes 

on both Earth and Mars and include wave-cut terraces, polygonal-patterned ground, and 

ridges related to drying of basin floor materials. Algal mats are also visible in some of the 

basins during the drying period of the flood cycle. Thus, the flood-related phenomena at 

the facility are of great interest to both hydrologists and terrestrial and planetary 

geologists. 

There are several technology-related reasons for this site choice as well. The 

CAVSARP facility, with its controlled flood conditions, allows us to continue our efforts 

to develop the Sensor Web as a tool for the study of spatio-temporal phenomena. For 

example, the Sensor Web can track the moving flood front, follow the infiltration of 

water into the ground, and provide information to map and characterize the lateral and 

vertical extent of the floodwaters. Moreover, the extreme temperature variations of the 

Arizona desert (both diurnal and seasonal) provide yet another test of the Sensor Web’s 

robustness. The deployed Sensor Web had essentially identical hardware to those of 

previous installations[4] and no special provisions were made for the new environment.  

The recharge basins are operated cyclically to allow for routine maintenance of the 

surface conditions. These operations lead to periodic infilling, with a water front 

progressing across the basin. Once the inflow of water is shut off, the floodwaters 

continue to infiltrate into the ground and the drying portion of the cycle begins with the 

drying front reversing the original flood pattern. The basins were constructed to have a 

smoothly varying elevation, which declines from south to north. As a result, the north 

ends of the basins fill first during flooding and dry last during draining. Existing 
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instruments in each basin provide for continuous monitoring of inflow rate at the inlet 

pipe and water height at the deep end. These instruments are connected to a Supervisory 

Control And Data Acquisition System (SCADA), allowing for remote monitoring of 

basin operations. A visual staff gauge is regularly read to confirm the accuracy of the 

water level sensors. 

A single basin (102), measuring approximately 700 ×2400 ft2 , was strategically 

outfitted with 13 pods, the number and placement of pods being determined by science 

requirements, rather than technological limitations. The pods were mounted on stakes to 

elevate them above the flood waters which can rise as high as 7 ft (see Figure 5). (While 

the pods themselves are water-tight, pod-to-pod radio communication would not be 

possible if they were submerged.) Each pod, in addition to collecting air temperature, 

humidity, and light levels also collects two soil moisture readings (one at the surface and 

one 0.5 m below) and a surface soil temperature reading. This is accomplished by wires 

that run from the pod into the ground.  Measurements are made at 5 minute intervals with 

the results being fed to the Internet in real-time (via the portal pod 0).  Figure 6 shows the 

deployed Sensor Web during a flooding event. 
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Figure 5: NASA/JPL team members deploy a Sensor Web 3.2 pod in recharge basin.  
Extended stands allow the pods to stay operational above water during a flooding event. 
Note polygon patterns in soil, indicative of previous flooding/drying cycles. 
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Figure 6: View looking north with recharge basin 102 fully inundated. Pod 11 is clearly 
visible above the rising water. 
 
6. Preliminary Use of Sensor Web in Hydrologic Studies 
 

This Sensor Web has been collecting data since its deployment in November 

2003. The real-time data stream is available via the Internet[2], with a sample screen-

capture shown in Figure 7. Unlike remote techniques which can only observe the basins 

for relatively short durations on finite schedules, the Sensor Web’s data stream provides 

continuous information for tracking surface water motion and ground infiltration. The 

spatial and temporal patterns of wetting and drying can thus be fully monitored and 

results incorporated into hydrological models and compared with space- and airborne-

based investigations[5]. This analysis is ongoing. As a result, this Sensor Web can both 

augment and ground-truth the remote data traditionally used in hydrologic studies. 
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The repeatable nature of the flooding/drying dynamics is apparent in Figure 7. The soil 

moisture measurements are made with Watermark sensors[6] where electrodes embedded 

in a granular matrix yield a lower resistance when the surrounding soil is wetter. As a 

result, the raw data reveals the motion of the flooding water as sharp drops in resistance. 

(The diurnal cycles seen in the raw data are sensor artifacts and can be corrected with soil 

temperature measurements[7].) It only takes a few hours for the flood front to traverse the 

basin from the inlet in the northwest corner to the basin center but a much longer time 

(about 20 hours) to reach the basin’s southwest and southeast corners. Note, too, that the 

water reaches the southern border relatively evenly (as indicated by pods 1 and 11) which 

is expected from both basin construction and the photographic evidence shown in Figure 

4. Moreover, it is also clear from Figure 7 that the drying front traverses the reverse 

route, albeit at a much slower speed. Not surprisingly, the surface dries more thoroughly 

than the deeper portions of the ground. 

The raw data can be downloaded using the Sensor Web’s graphical user interface 

so that these initial observations can be further refined into more meaningful hydrologic 

terms.  Soil moisture can be described in terms of the forces that retain the water in the 

soil. At equilibrium, the energy status of the water in the sensor’s granular matrix is equal 

to the energy status of the water in the surrounding soil. The electrical resistance 

measured is then related to the soil water potential by the sensor-specific calibration: 

 
where R is the sensor resistance in kΩ and T is the soil temperature in degree C[7]. 
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Figure 7: Screen-capture of Internet data from CAVSARP facility. Graphs (top to 
bottom): surface temperature (.C), surface moisture, and soil moisture at 0.5 m depth 
(relative units; lower values imply wetter soil). Diurnal cycles in moisture measurements 
are artifacts and can be corrected with local temperature. Sensor Web pod 1 (southwest 
basin corner) is in blue, pod 6 (basin inlet, northwest corner) in red, pod 10 (basin center) 
in green, pod 11 (southeast basin corner, diagonal from pod 6) in light blue. Data 
correlates with water discharge into basin, inundation, infiltration, drying and the 
beginning of another cycle. 
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Figure 8: Soil moisture potential at 0.5 m deep along the west basin border during the 
first two flooding events after deployment. Traveling from north to south, the pods are 
positioned: 6 (inlet), 15, and then 1. Also shown is the inlet water rate.  
 

Figure 8 shows the same two flooding events of Figure 7 at a depth of 0.5 m, but 

with the raw data interpreted in this manner. The inlet flow is also plotted. The maximum 

inflow rate was approximately 22800 gal/min with the water rising, in this case, to 5.7 ft. 

The pods examined are on the basin’s western border and, again, it is clear that a finite 

time is required for the moving water front to travel south from the inlet (pod 6) to the 

near corner (pod 1). In contrast, note how rapidly the soil moisture at depth increases at 

pod 6.  The slight difference in the temporal aspects of soil wetting between the two flood 

events (most notably at pod 6) is attributable to the fact that the soil moisture sensors 

were planted just prior to the first flood event and therefore the surrounding soil was 

disturbed and not as compacted as before sensor insertion. The second flooding event 

therefore provides data for more accurate modeling. Again, the Sensor Web provides a 
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continuous embedded monitoring presence which leads to a more refined picture of 

events.   

Figure 9 increases the time-scale of observation. Included now is a third flooding 

event occurring late on January 1, 2004. Notice, however, that this time the inflow is not 

left on long enough to allow the water front to reach the southern side of the basin and the 

soil at pod 1 continues to dry out. Figure 10 reveals that, in general, soil water potential at 

the surface is more responsive than that at depth. This type of subterranean measurement, 

the inferred vertical tracking of water movement and soil drying as a function of time, is 

not possible using remote measurement techniques. Coupled with the large spatial extent 

of the Sensor Web, this temporal vertical tracking will provide a powerful tool for 

understanding transient hydrologic phenomena. 

These preliminary results clearly demonstrate that new methods for hydrology 

studies are made available by the Sensor Web. Both transient and subterranean 

hydrologic phenomena can be captured to better model and understand percolation in 

different soil types, and can be captured in native environments on a long-term basis. 

Unlike the information obtained by remote measurements, the data from the Sensor Web 

is continuous and not restricted by orbital paths, flight schedules, or local weather 

conditions. Moreover, the in situ Sensor Web data can also be compared to remote 

measurements to provide ground-truth. The Sensor Web deployed in the recharge basin is 

therefore more than just a functioning technological test.  It is a functioning scientific 

instrument for hydrologic use. 
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Figure 9: Soil moisture potential at 0.5 m deep along the west basin border. Note that 
the third flooding event did not last long enough to affect pod 1. 
 

 
Figure 10: Comparison of pod 6 soil moisture potential at two depths. 
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7. Summary 
 

The primary focus of Sensor Web development thus far has been to demonstrate 

that the technology is stable, robust, and attractive to potential end-users. For a user 

community to adopt it, however, the Sensor Web needs to be more than just well-

engineered; it must also be easily deployed and maintained and provide valuable output. 

The overall simplicity of the Sensor Web system as an operational instrument is 

demonstrated by the fact that most Sensor Webs are deployed and operated in a variety of 

environments (including Antarctica[8]) without requiring assistance from the NASA/JPL 

team. 

As shown by our case study, the Sensor Web can provide important spatio-

temporal data needed to track transient phenomena. In our hydrology example, these 

phenomena include flooding and infiltration. The simultaneous measurements of 

temperature and soil moisture at different locations and depths make it possible to 

monitor the changes in soil moisture in different strata. The results also provide an 

excellent opportunity to develop a mechanism for the study of flood dynamics in a 

controlled and well- instrumented environment. The Sensor Web, therefore, has great 

potential to change our way of monitoring and understanding hydrologic processes on 

Earth and beyond. Similar examples can be found in other environmental studies. 

Having demonstrated the Sensor Web’s core capabilities with a myriad of 

deployments, we are now moving Sensor Web development into a new phase, focusing 

as much on applications as technology. The continuous, virtual monitoring and reacting 

capabilities have wide ranging uses for resource management, pollutant tracking, and 
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perimeter monitoring. This step requires us to take full advantage of the large-scale 

awareness already built into the Sensor Web protocols. In this way, the output of the 

hydrologic Sensor Web, for example, would not consist of a collection of scalar 

measurements (soil moisture) but rather a single vector (water motion) with pod-to-pod 

data fusion occurring within the Sensor Web itself. This will truly give the Sensor Web 

the capacity to make sophisticated, autonomous decisions. Indeed, we anticipate that 

future hydrologic Sensor Webs could provide early-stage triggers for satellite monitoring 

systems to focus on developing flood conditions and alerts for downstream communities. 

It is as if we have acquired a new computer, have loaded the operating system, and are 

now ready to develop the actual software applications for it. 
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Abstract: Extreme floods have been reported to be more frequent partly due to 

global warming.  As such, the necessity for timely detection and mapping of floods is 

increasingly important in order to protect lives and livelihoods.  Floods affect large 

regions of the Earth and cannot be reliably predicted.  Hydrological data from in-situ 

sensors are sparse and cannot map the full extent of flooding.  The use of satellite-based 

information for assessing floods is not new.  However, the problem with satellite remote 

sensing historically has been both the large areas affected and obtaining timely ground-

based reception of satellite data.  The Autonomous Sciencecraft Experiment (ASE) 

experiment overcomes the data size and downlink problems.  For flood processes, the 

ASE includes a satellite-based floodwater classification algorithm (ASE_FLOOD), which 

reliably detects flooding as it occurs and autonomously triggers further image acquisition 

to map and track flood changes through time.  In addition, the ASE enables more 

effective and timely monitoring for other dynamic transient events on Earth, which 

include volcanic eruptions and sea ice breakups.  The Flood Sensorweb  is an extension 

of ASE and serves to link different remote sensing assets obtained at different spatial and 
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temporal resolutions for flood detection and monitoring.  It is a demonstration in which 

Dartmouth Flood Observatory’s Water Surface Watch (a satellite-based global runoff 

monitoring system) alerts ASE operations of sites where there is potential flooding.  

Based on these alerts, ASE autonomously retargets NASA’s EO-1 spacecraft to verify 

flooding conditions at these sites, thereafter acquiring local high-resolution images of 

these flooded areas.  The Flood Sensorweb offers an important asset for the study of 

transient hydrological phenomena globally, especially at remote locations.  The use of 

autonomous change detection, triggering the needed local high-resolution imaging by 

automatic systems, provides the critical near real-time data needed for early detection and 

modeling of seasonal and extreme floods. 

 
Keywords: flood detection, near real-time, flood mapping; flood monitoring; spacecraft 
autonomy;  flood sensorweb 
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1. Introduction 
 

Because of its devastating nature, flooding poses serious hazards to lives and 

livelihoods in many parts of the world.  According to the Federal Emergency 

Management Agency (FEMA) of the United States, flooding is one of the most common 

and widespread of all natural disasters.  The economic damages from floods have 

increased considerably in the last 30 years.  For example, it cost the United States $2.4 

billions in 2003 (http://www.flooddamagedata.org/national.html).  Floods, which affect 

large regions of the Earth, cannot be reliably predicted.  In addition, hydrological data 

from in-situ sensors are sparse and cannot map the full extent of flooding. 

Remote sensing technologies have been used to study flooding for the last 2 

decades [Brakenridge et.al, 2003a, 2003b].  Some of the advantages of remote sensing 

include its near-global and frequent-repeat coverage of large spatial extent (e.g., 1km-

AVHRR and 25km-QuikSCAT/RadarSat and twice-daily-repeat MODIS and once-per-

16 days EO-1, respectively).  Main disadvantages have been cloud cover (especially for 

optical sensors), the large datasets associated with satellite imagery, low sensor spatial 

resolution in many case (e.g. 250m-MODIS), lack of timeliness (slow and infrequent 

satellite-to-ground data downlink, especially in a case of a transient event such as a 

flood), and complicated processing (e.g., sensor-specific processing requirements).   

In the case of flooding, aside from adequate spectral resolution for good 

land/water separation, different spatial and temporal resolution imagery data are required 

for specific purposes such as flood detection and monitoring and related damage 

assessment.  For example, high temporal resolution data are required for the early 
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detection of flooding.  Dartmouth Flood Observatory (DFO) has demonstrated that the 

high temporal resolution MODIS instrument (twice daily repeat cycle) with moderate 

spatial resolution (250m/pixel) is adequate for flood detection [Brakenridge and 

Anderson, 2005].  However, to delineate the extent of flood inundation, high-spatial 

resolution imagery (e.g., 30- to 120-m/pixel) is required. The high-resolution imager, 

HYPERION  (30m/pixel), for example, is a useful instrument on the EO-1 spacecraft for 

mapping the extent of flooding, but is limited with respect to the detection and 

monitoring of dynamic flood processes because of its low temporal resolution (once 

every 16 days).  Generally, most high-spatial resolution sensors have a low-temporal 

resolution (typically once every 16 days) due to their flight operation configurations.    

Finally, for flood damage assessment, timely high-resolution images are required 

to detect, monitor, and assess flood events.  As a result, it is necessary to combine the two 

types of satellite imagery.  (1)  Wide-area, low-spatial, high-temporal data are used to 

monitor large areas for signs of flooding conditions.  (2) In the event of a detected flood, 

high-spatial but low-temporal sensors are triggered to zoom in and acquire images of 

areas that are most severely flooded.  In addition, the Type 2 sensors must take images 

from several orbital passes to cover the full extent of the flooded areas because of their 

narrow imaging swaths.  Alternatively, they must produce a composite of images from 

different sensors.  With the combination of sensors, we are able to obtain image data 

during early flood stages, as well as track the progress and  spatial extent of flooding.  

One challenge has been how to link the different sensors together effectively to achieve 

this.  Here, we present Flood Sensorweb as an innovative solution of detecting and 
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mapping flooding through the linkage of spaceborne and ground-based sensors at varying 

spatial, temporal and spectral resolutions, and the implications on providing near real 

time information for flood modeling and mitigation. 

 
2.  ASE Extended Effort - Flood Sensorweb 
 

The Autonomous Sciencecraft Experiment (ASE) [Chien et. al, 2005] project has 

reached its primary objectives of both autonomous control of the Earth-orbiting EO-1 

spacecraft and spaceborne identification of transient processes such as flooding in near 

real time [Ip et al., 2006]. The satellite-based floodwater classification algorithm, 

ASE_FLOOD, has been demonstrated to reliably detect flooding and trigger further data 

acquisition of the floodwater conditions.  Fig. 1 shows an example from an earlier ASE 

experiment where a detected flood-condition on Brahmaputra triggered a response 

datatake of the same river 2 days later indicating a progressing flood.  The algorithm is 

able to detect and map the extent of flooding, as well as track its progress without any 

human intervention or prior knowledge.   

 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 1. Results from earlier ASE experiments.  Flooding along the Brahmaputra River 
near Sirajganj Bangladesh on 1/31/05 triggered a second data acquisition on 2/2/05 
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(Note: the trigger threshold based on a 1024x256-pixel-area were cloud<50% and 
water>4.24% or 11115 pixels; the first Brahmaputra scene has a total of 46818 classified 
water pixels, which exceeded the threshold, thus, triggered the second data acquisition.  
The second image has 55239 water pixels, indicative of a progressing flood) [Ip et.al, 
2006] 
 

The next step will be to integrate ASE_FLOOD with other observational 

platforms to enhance the capability of flood detection, thereby providing valuable 

information for flood modeling (including forecasting and mitigation). Though 

ASE_FLOOD is still evolving, here we show how ASE is being integrated with the 

Dartmouth Flood Observatory Flood Alert system to form an interactive automated Flood 

Sensorweb network.  

DFO’s Flood Alert data (derived from remote sensing sources such as the  

QuikSCAT, AMSR-E, TRMM, MODIS) alert ASE of locations of potential flooding.  

The alerts are then inserted into the ASE software flying on EO-1, thereby directing the 

HYPERION and Advanced Land Imager (ALI) sensors to acquire high-resolution images 

(30m-hyperspectral and 10m-PAN) at these locations to determine whether flooding is 

transpiring.  If significant flooding is detected, then ASE continues to monitor and map 

the flood until it subsides.   

 
3. Results 
 

As of early 2006, the Flood Sensorweb has been successful in acquiring images of 

major rivers triggered by DFO (Table 1).  A typical ASE Flood Sensorweb scenario 

includes the following steps: 
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1) ASE receives a DFO Flood Alert text file indicating the location (lat/long) of 

an active flood (new target area). [http://www.dartmouth.edu/~floods/AMSR-

E%20Gaging%20Reaches/Summary.htm] 

2) ASE responds by autonomously rescheduling EO-1’s HYPERION and ALI 

sensors to take images in and around the new target at the next available 

orbital passes.   

3) ASE takes the first image of the target and analyzes it for significant flood 

conditions and decides autonomously whether to continue monitoring.  

4) If there is significant flooding, ASE re-prioritizes the satellite’s resources and 

retargets its sensors to continue taking images in and around the flooded area. 

Additional images may cover the original targeted area and/or a new flood-

affected area (e.g., downstream and river floodplain).  The goal is to have an 

adequate number of images to cover the full extent of flooding while tracking 

the flood progress.  

5) ASE stops monitoring the area when there is no significant flooding (from pre-

determined thresholds). 

 
Below are some of the EO-1 datatakes acquired by the Flood Sensorweb and 

triggered from flood alerts issued by DFO:  

Table 1.  List of ASE Flood Sensorweb replacement scenes 
(Year-doy/hh:mm:ss Location) 
2006-036/03:08:36 Lena  
2006-036/08:27:21 Zambezi (2/5/06) 
2006-036/015438 Fortescue 
2006-036/16:28:12-Mississippi  
2006-037/04:01:03 Chindwin burma (2/6/06) 
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2006-037/18:45:23 Sacramento (2/6/06) 
2006-038/01:36:11 Fitzroy  
2006-038/13:05:35 Sao Francisco  
2006-039/03:43:58 Chindwin burma  
2006-039/03:45:10 Irrawaddy (2/8/06)  
2006-041/06:33:34 Ob (ice-covered)  
2006-042/04:07:29 Mu  
2006-042/05:44:14 Indus1 (2/11/06) 
2006-042/07:17:23 Volga  
2006-042/09:07:09 Logone 
2006-043/04:47:24 Sapt Kosi Nepal (2/13/06)   
2006-043/06:16:28 Ob (ice-covered)  
2006-043/16:21:21 Polochic 
2006-044/07:05:36 Tigris  
2006-044/10:27:21 Niger 
2006-045/05:59:24 Huainan Honghe  
2006-045/09:20:12 TiszaTiszanana 
2006-047/04:13:01 Bihar Ganges  
2006-049/03:55:12 Irrawaddy (2/18/06)  
2006-049/05:32:04 Indus1 (2/18/06) 
2006-049/18:39:04 Sacramento (2/18/06)  
2006-050/12:59:02 Sao Francisco 
2006-053/08:25:58 Zambezi (2/22/06) 
2006-053/16:24:50 Wabash  
2006-055/04:39:25 Sapt Kosi Nepal 
 

For instance, on 2/10/06 (day of year 041) ASE received a DFO flood alert for the 

Sapt Kosi area in Nepal.  ASE responded autonomously by reallocating EO-1’s image 

acquisition schedule, and retargeting its sensors to acquire images of the area on the next 

available orbital pass (2/13/06).  The ASE response was in the form of “The following 

replacement scene has been queued for uplink: Sapt Kosi Nepal [SW/W2] JPL 2006-

043/04:47:27 750 25.9498 86.468 [DFO]”.  A replacement scene takes priority over any 

image scene that is already on the satellite’s data acquisition queue.  In the case of Sapt 

Kosi Nepal, a SW (Sensorweb) image acquisition with view angle W2 (west 2) of Sapt 

Kosi Nepal (lat 25.9498 long 86.468) was alerted by DFO and ASE responded by 



  103 

 

 

 
 
 

inserting (replacing if necessary) the image datatake on 2006-043 at 04:47:27 hours.  On 

day 043, EO-1, controlled by ASE, acquired images (HYPERION and ALI) of the area, 

and the onboard algorithm ASE_FLOOD analyzed them to verify the flooding 

conditions.  The images and resulting statistics of Sapt Kosi are shown in Figs. 2A-D.  

Even though the classified image statistics indicated normal flow conditions on both 

days, we can still see how HYPERION and ALI image data at different spatial and 

spectral resolutions  complement each other.  HYPERION’s high spectral resolution 

allows good water/land discrimination while ALI’s wide-area coverage allows mapping 

the full extent of flooding.  

Other Flood Sensorweb replacement scenes  included the Indus River on  2/11/06 

and 2/18/06, the Irrawaddy River on 2/8/06 and 2/18/06, and the Zambezi River on 

2/5/06 and 2/22/06 (see Table 1).    
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Fig. 2A.  A previously ASE recorded HYPERION image (10/27/05; false-colored) 
showing flood-flow condition in Sapt Kosi.  The classified image is depicted on the right 
with water shown as blue.  The outlined part of the image (1024 x 256 pixels) highlighted 
in red has a total of  32046 water pixels, which is used for change detection.  Fig. 2B.  A 
HYPERION (B1) image taken on 2006-033 by the ASE Flood Sensorweb showing 
normal flow conditions at Sapt Kosi.  The outlined part of the image has a total of 17633 
water pixels (nearly half that classified in the previous example of Fig. 2A).  Because of 
the non-flood condition detected by ASE, no further datatakes of the area was scheduled.  
The adjacent ALI (B2)  image taken during the same period shows the downstream 
condition of the river.  The green box outlines corresponding area between the 
HYPERION and the ALI images.   In the false-colored image, the cyan color depicts the 
exposed riverbeds and is not to be mistaken with the dark-colored sediment- laden river 
water.  Fig. 2C. A HYPERION (C1) image taken on 2006-043 (2/13/06) by the ASE 
Flood Sensorweb showing another normal-flow condition in Sapt Kosi.  The sub- image 
has a total of 8185 water pixels.  The adjacent ALI (C2)  image shows the downstream 
condition of the river.  The green box outlines corresponding area between the 
HYPERION and the ALI images.  Fig. 2D.  Map showing the corresponding footprints of 
the HYPERION and the ALI images taken on 2006-043. 
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4. Conclusions and implications 
 

The Flood Sensorweb has been demonstrated to be effective in autonomous rapid 

flood response by linking ground- and space-based instruments.  In many cases, it can be 

triggered via a variety of sources (in this case a ground-based DFO Flood alert, which is 

in turn dependent upon a variety of space-based information). 

During our experiment, we were able to capture pre-, peak-, and post-flood flow 

conditions of major rivers. This information can be readily coupled with any existing 

flood model to improve our understanding of flooding and flood mitigation.  For 

example, an ASE-derived flood inundation map may be combined with topographic 

information to derive water levels, which then can be input into a flood model in order to 

map the full extent of flooding along a river system [Miyamoto et. al, 2006].  Some 

sensors detect flow changes, while others map where and when such changes are 

occurring.   

Detecting floods as they appear and tracking their evolution provide not only 

early warnings of potentially hazardous conditions, but also improved understanding of 

flood evolution. Other autonomous Sensorwebs [Chien et. al, 2005b] that are in progress 

include those involved in detecting volcanic eruptions [Davies et. al, 2006] and ice 

breakups (Fig. 3).  ASE has flown on EO-1 as the primary mission operations since 

November 2004. 
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Figure 3.  Concepts and data flow in autonomous Sensorwebs involving sensors and 
triggers from multiple land-, air- and space-based remote sensing assets. 
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