
Multispectral Remote Sensing and Spatiotemporal Mapping of
the Environment and Natural Disasters Using Small UAS

©2022

Saket Gowravaram

Submitted to the graduate degree program in Department of Aerospace Engineering and the
Graduate Faculty of the University of Kansas in partial fulfillment of the requirements for the

degree of Doctor of Philosophy.

Committee members

Dr. Haiyang Chao, Chairperson

Dr. Craig McLaughlin

Dr. Zhi Jian Wang

Dr. Huixuan Wu

Dr. Jude Kastens

Dr. Joshua Roundy

Date Defended: Jan 28, 2022



The Dissertation Committee for Saket Gowravaram certifies
that this is the approved version of the following dissertation :

Multispectral Remote Sensing and Spatiotemporal Mapping of the Environment and Natural
Disasters Using Small UAS

Dr. Haiyang Chao, Chairperson

Date approved: Jan 28, 2022

ii



Abstract

This dissertation focuses on development of new methods for multispectral remote

sensing, measurement, and mapping of the environment and natural disasters using

small Unmanned Aircraft Systems (UAS). Small UAS equipped with multispectral

cameras such as true color (RGB), near infrared (NIR), and thermal can gather im-

portant information about the environment before, during, and after a disaster without

risking pilots or operators. Additionally, small UAS are generally inexpensive, easy

to handle, and can detect features at small spatiotemporal scales that are not visible in

manned aircraft or satellite imagery. Four important problems in UAS remote sensing

and disaster data representation are focused in this dissertation. First, key consider-

ations for the development of UAS disaster sensing systems are provided, followed

by detailed descriptions of the KHawk system and representative environment and

disaster data sets. Second, a new method is proposed and demonstrated for accurate

mapping and measurement of grass fire evolution using multitemporal thermal ortho-

mosaics collected by a fixed-wing UAS flying at low altitudes. Third, a low-cost and

effective solution is further developed for spatiotemporal representation and measure-

ment of grass fire evolution using time-labeled UAS NIR orthomosaics and a novel

Intensity Variance Thresholding (IVT) method is proposed for grass fire front extrac-

tion to support fire spread metrics measurement of fire front location and rate of spread

(ROS). A UAS grass fire observation data set is also presented including thermal and

NIR orthomosaics and supporting weather and fuel data. Fourth, a new Satellite-based

Cross Calibration (SCC) method is proposed for surface reflectance estimation of UAS

images in digital numbers (DN) using free and open calibrated satellite reflectance
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data. This also serves as a solid foundation for data-enabled multiscale remote sensing

and large scale environmental observations. Finally, the main conclusions and future

research considerations are summarized.
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Chapter 1

Introduction

1.1 Dissertation Roadmap

This dissertation focuses on development of new methods for multispectral remote sensing, mea-

surement, and mapping of the environment and natural disasters using small Unmanned Aircraft

Systems (UAS). Multispectral images from UAS are already being used in many civilian and

military applications including precision agriculture, structural inspection, surveillance, search &

rescue, vegetation damage assessment, and post-disaster mapping. The increased frequency and

severity of natural disasters including wild�res, �oods, hail storms, and tornadoes demand more

accurate and robust observation systems that can not only assist in post-disaster recovery but can

also measure important spatiotemporal metrics of disasters. For example, location, spread direc-

tion, and spread speed of a fast-evolving wild�re or �ood, origin of a chemical leak, and tornado

damage intensity. Small UAS equipped with multispectral cameras can gather this information

without risking pilots or operators, especially since they are inexpensive, easy to handle, and can

detect features at small spatiotemporal scales that are not visible in manned aircraft or satellite

imagery. However, several critical challenges have to be addressed before wide uses of UAS in

such applications. For instance, how can a low-�ying UAS be used for accurate mapping and

quantitative measurement of fast-evolving large-scale environmental processes like wildland �res

or �oods? Is there a low-cost and safe UAS solution for accurate observation and mapping of large

scale wildland �res? How can UAS multispectral maps be integrated with existing satellite obser-

vations for enhanced observations of environment and disasters? This dissertation answers these

questions by developing, demonstrating, and validating novel methods in real-world scenarios. Ad-
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ditionally, this dissertation also shares important discussions and lessons learned that will greatly

contribute towards wider and more ef�cient uses of small UAS in mapping and measurement of

the environment and natural disasters.

1.2 Research Motivations

The main motivation of this dissertation is to develop effective and robust UAS remote sensing

methods for accurate mapping and measurement of the environment and natural disasters that may

be dif�cult to obtain using other remote sensing systems such as manned aircraft and satellites.

Multispectral remote sensing includes sensing in true color (RGB), near infrared (NIR), and ther-

mal bands. Images in different bands can be used to infer different properties of the environment

and disasters. For example, in �re monitoring applications, RGB images can be used for smoke

detection and situational awareness, NIR images can be used to differentiate burned and unburned

areas, and thermal images are generally used for �re front extraction and temperature measurement

(see Fig. 1.1).

Figure 1.1: Aerial view of a prescribed grass �re from RGB (left), NIR (center), and thermal
cameras (right).

The vision of this dissertation is to acquire, calibrate, represent, and integrate new UAS data

into existing environment and disaster mapping products from manned aircraft and satellites, and

to support future multiscale and multisource remote sensing. The objective of such an integrative

multisource system is to maximize the desirable characteristics of each remote sensing system. For

example, UAS can provide data and measurements at high spatiotemporal resolutions while satel-

lites and manned aircraft can provide coarser measurements with large area coverage and reliable
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spatial and spectral properties, as illustrated in Fig. 1.2. Such systems can greatly enhance earth

observations and enable better understanding of environmental processes and natural disasters.

Figure 1.2: Multiscale remote sensing systems.

1.2.1 Role of Small UAS in Environment and Natural Disaster Mapping

Small UAS can contribute to existing environment and disaster mapping and measurement systems

in the following ways.

1. Quick deployment before, during, and after a disaster for quick data acquisition and situa-

tional awareness;

2. Close observations of disaster evolution;

3. Quantitative measurement of location, spread speed, and direction of fast-evolving processes

at high spatial and temporal resolutions;
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4. Provide accurate measurements that can be used to evaluate and improve disaster spread

models such as �re spread models;

5. Acquire data between satellite and aircraft �ybys;

6. Acquire information over �elds that may be obstructed by clouds in satellite images.

1.2.2 Challenges of Small UAS in Environment and Natural Disaster Map-

ping

Major challenges that limit the use of UAS in disaster mapping missions include:

1. Safe and ef�cient operations in dangerous disaster environments;

2. accurate recapture or reconstruction of a fast-evolving process using UAS images with lim-

ited footprints;

3. Many UAS operators are limited by budget and cannot afford expensive cameras that are

often required for accurate measurements;

4. UAS multispectral data require vicarious radiometric calibration for re�ectance estimation

and comparison with data from other sources.

This dissertation mainly addresses challenges 2-4. Chapters 3 & 4 provide solutions to chal-

lenges 2 and 3 by developing novel methods for the accurate mapping and measurement of grass

�re metrics such as location and ROS using thermal and low-cost NIR cameras. Chapter 5 ad-

dresses challenge 4 by proposing a new satellite-based cross calibration method for UAS re-

�ectance estimation.

1.3 Dissertation Contributions

The main contributions of this dissertation can be summarized as follows:
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1. Developed a new and effective method for accurate recapturing of grass �re evolution using

multitemporal thermal orthomosaics collected by a small �xed-wing UAS at low altitude;

2. Developed a new and low-cost method for the spatiotemporal representation and measure-

ment of grass �re evolution using time labeled NIR orthomosaics from a small �xed-wing

UAS;

3. Invented a novel NIR intensity variance thresholding method for grass �re front classi�cation

and extraction;

4. Conducted comprehensive measurement, analysis, and validation of prescribed �re ROS in a

typical tallgrass prairie, which has not been suf�ciently addressed in existing remote sensing

literature;

5. Acquired, analyzed, and shared a UAS multispectral grass �re data set including thermal and

NIR orthomosaics and supporting weather, terrain, and fuel data;

6. Developed a new and low-cost satellite-based cross-calibration method for UAS spectral

re�ectance estimation;

7. Provided comprehensive quantitative and qualitative comparisons between multiscale re-

mote sensing images from KHawk UAS, NEON manned aircraft, and Landsat 8 satellite.

1.4 Dissertation Organization

This dissertation is organized as follows. Research motivations and dissertation contributions are

summarized in Chapter 1. Important considerations for development of a UAS multispectral sens-

ing system for disaster mapping applications are presented in Chapter 2 along with detailed de-

scriptions of the KHawk system and representative disaster data sets. Chapter 3 focuses on the

mapping and ROS measurement of a prescribed grass �re using multitemporal thermal orthomo-

saics that are generated from UAS aerial images with limited footprints. In Chapter 4, a low-cost
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and effective NIR-based �re detection algorithm is introduced that can enable accurate mapping

and measurement of grass �res without using expensive thermal cameras. Chapter 5 presents a

novel satellite-based cross-calibration method for UAS spectral re�ectance estimation using free

and open satellite data. Finally, conclusions and future recommendations are provided in Chapter

6.
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Chapter 2

UAS Development and Multispectral Data Acquisition for

Disaster Mapping and Measurement

2.1 Chapter Introduction

This chapter focuses on important considerations for the successful design and use of Unmanned

Aircraft System (UAS) for multispectral data acquisition missions to support disaster mapping,

measurement, and analysis. Typical disaster applications include wildland �re metrics measure-

ment (location, rate of spread (ROS)), hail, tornado, or storm damage assessment, and post-disaster

vegetation recovery mapping. The main challenge for such missions is that they are often time-

critical and require quick and accurate data acquisition and analysis. This is true not only for

in-situ disaster sensing applications such as wildland �re monitoring, when the �re is still burning,

but also for post-disaster applications such as hail or tornado damage assessment. For example,

the UAS needs to be deployed for data acquisition over a tornado-affected �eld before it is recov-

ered by residents or emergency response teams for accurate damage assessment. This means that

there is generally a short time window available for the UAS to acquire useful disaster informa-

tion. Therefore, the UAS �ight path and associated sensing payload need to be well designed and

integrated for successful data acquisition. This chapter presents the KHawk UAS multispectral re-

mote sensing system and the disaster mission design strategies that are used for successful disaster

mapping applications in this dissertation. Example KHawk disaster sensing missions are presented

including the path planning and acquired multispectral data sets that can serve as a foundation for

the following chapters.
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2.2 UAS Multispectral Sensing System

A �eet of small KHawk �xed-wing UAS (shown in Fig. 4.1) were developed by the Coopera-

tive Unmanned Systems Lab (CUSL) for multispectral remote sensing missions. These UAS are

equipped with either a Paparazzi TWOG autopilot or a Pixhawk Cube autopilot and are capable

of manual and autonomous �ight with endurance of about 20-30 minutes. These platforms are

light-weight (< 6 lbs. with payload), bungee-launched, and easy to handle. They are well-suited

for dull, dirty, and dangerous missions such as �re monitoring and disaster reconnaissance.

Figure 2.1: KHawk �xed-wing UAS �eet.

The major aspect of designing a UAS disaster sensing system is the selection of multispectral

cameras. Important considerations for the multispectral camera selection include, weight, size,

spectral response, image resolution, update rate, �eld of view (FOV), and operational speci�ca-

tions, such as autopilot geo-tagging capabilities. Depending on whether the UAS is deployed for

in-situ disaster mapping or post-disaster damage assessment, some of these considerations can
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be further prioritized. For example. thermal cameras with autopilot geo-tagging capabilities are

highly recommended for wildland �re mapping missions, while an NIR camera with high image

resolution is preferred for tornado crop damage assessment missions. In this dissertation, three

multispectral cameras are used for the acquisition of images in true color (RGB), near infrared

(NIR), and thermal bands. Important speci�cations are provided in Table 2.1.

Table 2.1: KHawk UAS Multispectral Camera Speci�cations.

Properties PeauPro82 RGB PeauPro82 Modi�ed NIR FLIR Vue Pro R
Thermal

Weight 90 g 90 g 142 g
Spectral Response 425.4 – 710 nm 630-880 nm 7.5-13.5mm
Image Resolution 1920� 1080 pix. 1920� 1080 pix. 640� 512 pix.

Update Rate 29.97 Hz 29.97 Hz 1 Hz
FOV 74� � 45� 74� � 45� 69� � 56�

Geo-Tagging Manual Post-Processing Manual Post-Processing MAVlink-Pixhawk

2.2.1 KHawk RGB & NIR Sensing System

Two PeauPro82 GoPro Hero 4 cameras are selected and used for KHawk UAS RGB and NIR

image acquisition. As shown in Table 2.1, these cameras are light-weight and acquire images at

high-resolution, which are desired for successful post-disaster crop damage assessment. The NIR

camera is modi�ed using an NIR band pass �lter and acquires images in red, green, and NIR

bands. The spectral response for the red and NIR channels is shown in Fig. 2.2. These cameras are

inexpensive and do not possess autopilot geo-tagging capabilities, which is one drawback of this

system. For these cameras, the images can be geo-tagged post �ight by manual synchronization

with onboard GPS and IMU data [3].

One application of these cameras is for the estimation of vegetation indices such as the Normal-

ized Difference Vegetation Index (NDVI). NDVI can be used to identify and quantify crop damage

caused by disasters. In this dissertation, data from these cameras are used to develop a novel UAS

re�ectance estimation method using free and open satellite data, further discussed in chapter 5.
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Figure 2.2: PeauPro82 modi�ed NIR camera spectral response plot [1].

Additionally, the NIR camera is used to map and measure the ROS of a prescribed grass �re using

a novel Intensity Variance Thresholding (IVT) method (chapter 4).

2.2.2 KHawk Thermal Sensing System

The FLIR Vue Pro R thermal camera (shown in Fig. 3.2) is used for KHawk UAS thermal image

acquisition. This camera was selected because it is a radiometric camera capable of temperature

measurements and has autopilot geo-tagging capabilities. This camera comes with cables that

can be connected to the Pixhawk autopilot for autopilot geo-tagging. The connection diagram is

shown in Fig. 3.2. This camera can also be operated in the low-gain (-40/+1022� F) and high-gain

(-13/+275� F) modes and can produce images in 8-bit JPEG, 8-bit radiometric JPEG, and 14-bit

TIFF. Generally, radiometric JPEG format is required for temperature measurements and TIFF

images are preferred for orthomosaic generation [2].

One of the main roles for thermal cameras in disaster mapping is the detection and monitoring

of wildland �res. Given their ability to capture temperature differences, thermal images can be

easily used to accurately detect �re fronts. This is further shown in chapter 3, where FLIR thermal

cameras are used to map a prescribed grass �re.
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Figure 2.3: FLIR Vue Pro R thermal camera and Pixhawk autopilot connection diagram [2].

2.3 UAS Path Planning

Autonomous GPS waypoint tracking is mostly preferred for UAS remote sensing missions due to

image quality requirements. This can be achieved by generating desired waypoints on the UAS

ground control station (GCS) software such as Mission Planner for Pixhawk powered UAS. For

general UAS remote sensing applications, the waypoints are usually generated such that the UAS

path satis�es structure from motion (SFM) requirements of longitudinal and lateral image overlap-

ping for best image georeferencing and stitching purposes. However, these requirements may not

be suf�cient for disaster mapping missions. The mission type will also greatly affect the UAS path

planning, depending on whether the UAS is deployed for in-situ (generally fast-evolving) map-

ping or post-disaster damage assessment. The following subsections gives an overview of these

considerations.

2.3.1 UAS Path Planning for Fast-Evolving Processes

The UAS �ight path is very critical for successful mapping of fast evolving environmental pro-

cesses such as wildland �res, chemical leaks, or �oods. The main difference between such mis-

sions and general remote sensing missions such as precision agriculture or structural monitoring

is that they rapidly change spatiotemporally during the UAS �ight. This is discussed in detail in
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chapters 3 and 4, where the KHawk UAS thermal and NIR images are used to map and measure

a prescribed grass �re in Kansas. The KHawk UAS was deployed over the prescribed grass �re

to observe, map, and measure the �re front location and �re ROS in different parts of the burning

�eld. Acquired thermal and NIR images from this mission are required to produce short time-

series orthomosaics that can accurately depict the state of the �re spread at speci�c time intervals

during the �re. A simple concept is shown in in Fig. 2.4 as an example to demonstrate the UAS

path planning strategies for this mission.

Figure 2.4: UAS mission for wildland �re mapping.

Similar to general UAS remote sensing missions, the UAS �ight altitude and initial �ight path

will need to be determined �rst based on airspace regulations, UAS operating conditions (range,

endurance, desirable wind speeds), and camera speci�cations (FOV and update rate). In addition,

�re monitoring applications demand other considerations such as take-off location, UAS cruise

heading, and additional safety waypoints in case of emergencies. An example implementation

can be found in Fig. 2.4. The UAS is required to take-off and land against the wind and cruise

cross-wind. If the UAS cruises into or against the wind, it may have different ground speeds over

different parts of the �eld which can create complications in the �re mapping and measurements.
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2.3.2 UAS Path Planning for Post-Disaster Damage Assessment

UAS path planning for post-disaster damage assessment can be similar to other general UAS-based

remote sensing missions, which usually requires suf�cient overlapping and stable image acquisi-

tion. Typical examples of post-disaster damage assessment include, crop damage assessment and

damage swath measurements such as survey of swath length and width caused by tornadoes or hail.

The special considerations for such missions include the location and time selection for optimal

data acquisition, given the large spatial-scale of a damage site and limited UAS coverage within a

given time frame. For instance, a hail storm can generate a damage scar covering tens or hundreds

of miles. Which areas of the damage scar should be surveyed and after how many days are primary

questions that need to be addressed for UAS hail damage assessment missions. Ideally, the UAS

should be deployed over selected areas with varying damage levels within the scar for comprehen-

sive analysis before the �eld is recovered by landowners or emergency response teams. Also, the

UAS can be deployed at the same time satellite or manned aircraft �yby to create opportunities for

comprehensive multiscale and multitemporal damage analysis.

2.4 KHawk UAS Disaster Multispectral Data Sets

The developed KHawk �xed-wing UAS with suitable multispectral cameras was deployed for sev-

eral environmental and disaster mapping missions. This section presents representative disasters

and associated multispectral data collected by the UAS.

2.4.1 UAS Prescribed Grass Fire Data Sets: April 8, and Oct. 8, 2019

The KHawk �xed-wing UAS was deployed for grass �re monitoring over two prescribed burns

in Kansas (Table 2.2). The objective of these missions is to map the evolution of the grass �re

and measure the �re location, spread direction, and �re ROS. The UAS was programmed to au-

tonomously �y multiple loops over the burn site for repeat-pass multispectral image acquisition.

One �ight loop from the KHawk UAS �ight path is shown in Fig. 2.5. Representative multispectral
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images (RGB, NIR, and thermal) of the two grass �res are shown in Fig. 2.6.

Table 2.2: KHawk UAS Grass Fire Data Sets.

Location Date Wind Speed Burn Site Area Sensing Payload
ms� 1 sq. m

Baldwin Woods Forest Preserve, KS April 8, 2019 3.1 430� 70 RGB & NIR
Anderson County Prairie Preserve, KS October 8, 2019 6.26 530� 250 Thermal & NIR

Figure 2.5: Partial KHawk UAS �ight path over Baldwin Woods Forest Preserve �re.

Among these two grass �re data sets, the Anderson County �re was more comprehensively ob-

served due to the use of both thermal and NIR cameras and supporting ground wind measurements.

The grass �re mapping and measurement methods developed and presented in this dissertation are

demonstrated using this data set in Chapters 3 and 4.

2.4.2 UAS Tornado Damage Assessment Data Set: July 12, 2017

The developed KHawk UAS was also deployed for autonomous multispectral data acquisition over

a tornado-affected �eld in Farragut, Iowa on July 12, 2017. The pre-planned UAS �ight path is
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Figure 2.6: Example multispectral images of prescribed grass �res at the Baldwin Woods Forest
Preserve (RGB and NIR) (left) and Anderson County Prairie Preserve (thermal and NIR) (right)
�elds.

shown in Fig. 2.7, illustrated over an orthomosaic, generated using the Agisoft Photoscan Pro

software. The purpose of this �ight was to analyze the damage caused by an EF2 tornado which

touched down on June 28, 2017.

Figure 2.7: KHawk UAS �ight path for Iowa tornado damage assessment.

The KHawk UAS was equipped with PeauPro82 GoPro Hero RGB and NIR cameras operating

at 29.97 Hz video mode with image resolution of 1920� 1080 pix. The collected RGB and NIR

images were manually geo-tagged and orthorecti�ed using Agisoft Photoscan Pro software.

Fig. 2.8 and Fig. 2.9 shows the RGB, red (top), NIR (middle), and the derived NDVI (bot-

tom) orthomosaics of the damage �eld. The NDVI is calculated using the calibrated NIR and red
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