
 
 
 
 
 
 
 
 
 

MULTI-SPECTRAL IMAGING OF VEGETATION  
 

FOR CO2 LEAK DETECTION 
 
 

by 
 

Justin Allan Hogan 
 
 
 
 
 
 

A thesis submitted in partial fulfillment 
of the requirements for the degree 

 
 

of 
 

Master of Science 
 

in 
 

Electrical Engineering 
 
 

MONTANA STATE UNIVERSITY 
Bozeman, Montana 

 
 

April 2011



 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

© COPYRIGHT 
 

by 
 

Justin Allan Hogan 
 

2011 
 

All Rights Reserved



ii 
 
 
 

APPROVAL 
 

of a thesis submitted by 
 

Justin Allan Hogan 
 
 

 This thesis has been read by each member of the thesis committee and has been 
found satisfactory regarding content, English usage, format, citation, bibliographic style, 

and consistency, and is ready for submission to The Graduate School. 
 
 

Dr. Joseph A. Shaw 
 

Approved for the Department of Electrical and Computer Engineering 
 

Dr. Robert C. Maher 
 

            Approved for The Graduate School 
 

Dr. Carl A. Fox 
  



iii 
 
 

STATEMENT OF PERMISSION TO USE 

In presenting this thesis in partial fulfillment of the requirements for a 

master's degree at Montana State University, I agree that the Library shall make it  

available to borrowers under rules of the Library. 

 If I have indicated my intention to copyright this thesis by including a 

copyright notice page, copying is allowable only for scholarly purposes, consistent with 

“fair use” as prescribed by the U.S. Copyright Law. Requests for permission for extended 

quotation from or reproduction of this thesis in whole or in parts may be granted 

only by the copyright holder. 

 

Justin Allan Hogan 

April 2011 

 

 

  



iv 
 

TABLE OF CONTENTS 

1. INTRODUCTION ...............................................................................................1 

2. IMAGING SYSTEMS DESCRIPTION AND SPECIFICATION ........................9 

Imaging Systems Overview ..................................................................................9 
General System Operation .................................................................................. 10 

MS3100 System Specifications .......................................................................... 11 
Spectral Response ........................................................................................ 12 

Resolution .................................................................................................... 12 
Field-of-View ............................................................................................... 13 

Calibration ................................................................................................... 13 
Data Communication and Camera Control ................................................... 13 

Frame Rate ................................................................................................... 14 
LabVIEW VI Description ............................................................................. 14 

Exposure Control ......................................................................................... 15 
Data Storage ................................................................................................. 16 

MS3100 System Power Requirements .......................................................... 17 
MS3100 System Cost Estimate ..................................................................... 17 

PixeLink System Design .................................................................................... 17 
Camera ......................................................................................................... 18 

Optical Design ............................................................................................. 20 
Filter Selection ............................................................................................. 23 

Wide-Angle Objective Lens ......................................................................... 25 
Field Lens Selection ..................................................................................... 26 

Reimaging Optics ......................................................................................... 28 
ZEMAX Simulations .................................................................................... 30 

Construction ................................................................................................. 32 
Calibration ................................................................................................... 35 

Control Software .......................................................................................... 39 
Data Storage ................................................................................................. 43 

PixeLink System Power Consumption .......................................................... 44 
PixeLink System Cost .................................................................................. 44 

3. EXPERIMENT OVERVIEW............................................................................. 46 

The 2009 Release ............................................................................................... 49 
The 2010 Release ............................................................................................... 52 

4. DATA ANALYSIS AND RESULTS ................................................................. 57 

Statistical Model ................................................................................................ 67 



v 
 

TABLE OF CONTENTS - CONTINUED 

MS3100 Data Analysis from the 2009 Experiment ............................................. 71 
MS3100 Data Analysis from the 2010 Experiment ............................................. 84 

PixeLink Data Analysis From the 2010 Experiment ........................................... 96 

5. CONCLUSIONS AND FUTURE WORK........................................................ 110 

REFERENCES CITED .......................................................................................... 117 

APPENDICES ....................................................................................................... 121 

APPENDIX A: PixeLink System Control Code............................................ 122 

APPENDIX B: Data Processing Steps .......................................................... 129 

APPENDIX C: R Code ................................................................................ 133 



vi 
 

LIST OF TABLES 

Table               Page 

1. PixeLink PL-B741U Camera Parameters ........................................................... 19 

2. Field Lens Calculation Summary ....................................................................... 27 

3. Control Functions Implemented as MATLAB MEX-Functions .......................... 40 

4. PixeLink system costs ........................................................................................ 45 

5. Red reflectance regression summary. ................................................................. 73 

6. Red reflectance serial correlation analysis summary. .......................................... 75 

7. 2009 MS3100 near-infrared reflectance regression summary. ............................. 76 

8. 2009 MS3100 near-infrared reflectance serial correlation analysis summary. ..... 78 

9. 2009 MS3100 NDVI regression summary. ......................................................... 79 

10. 2009 MS3100 NDVI serial correlation analysis summary. ................................. 80 

11. 2009 MS3100 reduced model regression summary. ............................................ 82 

12. 2010 MS3100 red reflectance regression summary. ............................................ 87 

13. 2010 MS3100 near-infrared reflectance regression summary. ............................. 89 

14. 2010 MS3100 NDVI regression summary. ......................................................... 92 

15. 2010 MS3100 reduced model regression summary. ............................................ 94 

16. 2010 PixeLink red reflectance regression summary. ........................................... 98 

17. 2010 PixeLink red reflectance serial correlation analysis summary. ................... 99 

18. 2010 PixeLink near-infrared reflectance regression summary. .......................... 101 

19. 2010 PixeLink near-infrared reflectance serial correlation analysis summary. .. 102 

20. 2010 PixeLink NDVI regression summary. ...................................................... 104 

21. 2010 PixeLink NDVI serial correlation analysis summary................................ 105 

22. 2010 PixeLink reduced model regression summary. ......................................... 106 

23. MS3100 and PixeLink measurement comparison results. ................................. 108 



vii 
 

LIST OF FIGURES 

Figure                Page 

1. Typical vegetation reflectance spectra acquired by an Ocean Optics handheld 
USB spectrometer. ...............................................................................................5 

2. Geospatial Systems Inc. MS3100 Camera .......................................................... 11 

3. MS3100 spectral response (Geospatial Systems, Inc.) ........................................ 12 

4. PixeLink PL-B741U camera .............................................................................. 19 

5. Interference filter frequency shift ....................................................................... 21 

6. Simulated interference filter shift image ............................................................. 22 

7. Red filter spectral response (Thorlabs FB650-40) ............................................... 23 

8. Near-IR filter spectral response (Thorlabs FB800-40) ........................................ 24 

9. Example 1-inch interference filter ...................................................................... 24 

10. Tamron MVL65 C-mount lens ........................................................................... 25 

11. Tamron lens ray angle assumptions .................................................................... 26 

12. Example field lens singlet .................................................................................. 28 

13. Selected re-imaging triplet (JML TRP14350/100) .............................................. 30 

14. Initial optical system layout................................................................................ 31 

15. Mounted optical elements .................................................................................. 33 

16. Computer interface panel ................................................................................... 34 

17. Complete imager system .................................................................................... 35 

18. Dark current temperature sweep points in Celsius and Fahrenheit. ..................... 36 

19. Dark current correction parameter images .......................................................... 37 

20. Flat-field correction............................................................................................ 39 

21. PixeLink instrument control diagram ................................................................. 41 

22. Integration time correction curves ...................................................................... 43 

23. Vegetation test area layout.  The imagers are situated atop the scaffolding, 
viewing across the release pipe. .......................................................................... 48 

24. 2009 visible hotspots .......................................................................................... 49 

25. MS3100 field-of-view during 2009 release experiment ...................................... 50 

26. 2009 summer rainfall events .............................................................................. 51 

27. Instrument deployment configuration at 2010 release. ........................................ 53 



viii 
 

LIST OF FIGURES - CONTINUED 

Figure                Page 

28. 2010 summer rainfall events .............................................................................. 54 

29. Morning and afternoon images of standard deviation for 10 July 2010 ............... 59 

30. Example MS3100 near-infrared reflectance image from 2009 release................. 62 

31. Example MS3100 red reflectance image from 2009 release ................................ 62 

32. Example MS3100 NDVI image from 2009 release ............................................. 63 

33. Screenshot of instrument comparison graphical user interface with populated 
reflectance and NDVI time-series plots .............................................................. 65 

34. Plot showing the number of images acquired each day for each system .............. 66 

35. 2009 MS3100 red reflectance data.  This plot shows control and hotspot time-
series with fit lines.  The vertical lines denote beginning and end of CO2     
release. ............................................................................................................... 72 

36. 2009 MS3100 red reflectance residuals. ............................................................. 74 

37. 2009 MS3100 near-infrared reflectance data.  Plot shows control and hotspot 
time-series with fit lines.  Vertical lines denote beginning and end of CO2   
release. ............................................................................................................... 75 

38. 2009 MS3100 near-infrared reflectance residuals. .............................................. 77 

39. 2009 MS3100 NDVI data.  Plot shows control and hotspot time-series with fit 
lines.  Vertical lines denote beginning and end of CO2 release. ........................... 78 

40. 2009 MS3100 NDVI residuals. .......................................................................... 80 

41. 2009 MS3100 reduced model residuals .............................................................. 83 

42. 2010 MS3100 example NDVI image.  Labeled regions indicate control and 
hotspot pixels used in analysis. ........................................................................... 85 

43. 2010 MS3100 red reflectance data.  Plot shows control and hotspot time-series 
with fit lines.  Vertical lines denote beginning and end of CO2 release................ 86 

44. 2010 MS3100 red reflectance residuals. ............................................................. 88 

45. 2010 MS3100 near-infrared reflectance data.  Plot shows control and hotspot 
time-series with fit lines.  Vertical lines denote beginning and end of CO2  
release. ............................................................................................................... 89 

46. 2010 MS3100 near-infrared reflectance residuals. .............................................. 90 

47. 2010 MS3100 NDVI data.  Plot shows control and hotspot time-series with fit 
lines.  Vertical lines denote beginning and end of CO2 release. ........................... 91 

48. 2010 MS3100 NDVI residuals. .......................................................................... 93 



ix 
 

LIST OF FIGURES - CONTINUED 

Figure                Page 

49. 2010 MS3100 reduced model residuals. ............................................................. 95 

50. 2010 PixeLink example NDVI image.  Labeled regions indicate control and 
hotspot pixels used in analysis. ........................................................................... 96 

51. 2010 PixeLink red reflectance data.  Plot shows control and hotspot time-series 
with fit lines.  Vertical lines denote beginning and end of CO2 release. .............. 97 

52. 2010 PixeLink red reflectance residuals. ............................................................ 99 

53. 2010 PixeLink near-infrared reflectance data.  Plot shows control and hotspot 
time-series with fit lines.  Vertical lines denote beginning and end of CO2   
release. ............................................................................................................. 100 

54. 2010 PixeLink near-infrared reflectance residuals. ........................................... 102 

55. 2010 PixeLink NDVI data.  Plot shows control and hotspot time-series with fit 
lines.  Vertical lines denote beginning and end of CO2 release. ......................... 103 

56. 2010 PixeLink NDVI residuals. ....................................................................... 105 

57. 2010 PixeLink reduced model residuals. .......................................................... 107 

58. Example showing classification results based on red and near-infrared  
reflectance.  Results are from an unsupervised classification tree with ten  
terminal nodes. ................................................................................................. 115 

 



1 

 
INTRODUCTION 

 
 

Though its status as a crisis situation remains the subject of much debate [1,2] 

there does exist evidence that global warming is a real phenomenon [3] and that its 

processes are to some degree enhanced by anthropogenically introduced greenhouse 

gases, perhaps most notably carbon dioxide (CO2) [3].  This claim is backed by 

observations of increasing atmospheric CO2 concentrations from nearly 280-ppm around 

1750 to 360 ppm in 1995 [4].  By the end of 2010, this number was up to approximately 

390 ppm [5].  To reduce human influence on the global environment, carbon capture and 

sequestration (CCS) is proposed as a means of collecting CO2 generated through 

industrial and consumer processes and sequestering it so as not to release it into the 

atmosphere, thereby reducing atmospheric concentrations of the gas.  Suggested methods 

of sequestration include direct deep-sea injection [6], soil sequestration through improved 

land use and management practices [7], and geological carbon sequestration in which 

captured carbon is injected into underground geological features.  This research focuses 

primarily on development and testing of a leak detection technology for deployment to 

geological sequestration sites.  A diverse technology portfolio will be required to 

implement safe and efficient sequestration solutions [8].  Included in this portfolio is 

technology capable of monitoring sequestration site integrity; detecting and signaling 

leakage, should it occur. Early leak detection is paramount to ensuring on-site safety and 

to minimize, or at least understand, potentially harmful environmental leak effects. 
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Geological sequestration is the process of injecting supercritical CO2 into natural 

reservoirs 800-m or more below the surface.  These reservoirs include saline formations, 

depleted fossil fuel resources, or deep coal seams [9].  These reservoirs are porous 

regions that can potentially store vast quantities of captured carbon [10].  Currently, a 

process similar to geological sequestration, known as enhanced oil recovery (EOR), is 

used by the oil industry to flush out residual oil deposits remaining after conventional 

recovery operations have been completed.  EOR uses supercritical carbon-dioxide 

injected around an active well to flush out residual oil reserves trapped in porous features 

of the oil reservoir [11].  This technology and experience gained from these types of 

efforts will likely spill into future geological sequestration projects.  In sequestration 

projects undertaken strictly for the sake of preventing atmospheric emissions, it will be 

vital to verify that the injected carbon remains underground and that it is not leaking out 

either through the injection well or natural features.  A leak at a sequestration site would 

not only be potentially dangerous to human health, it would have environmental impacts 

which negate the benefits of attempting the sequestration in the first place. 

There are many different approaches proposed for monitoring sequestration site 

integrity by both directly and indirectly observing effects of CO2 leakage, as it is 

manifested in various ways.  The diversity of the leak detection techniques is in no way a 

negative property, as they all have complementary strengths that can be combined into an 

effective, deployable monitoring strategy.  The first technique described here uses an 

infrared gas analyzer (IRGA) to measure concentrations of CO2 in a subsurface or near-

surface atmosphere.  This instrument uses infrared absorption to determine the 
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concentration of CO2 in a sample of air [12].  Placed on or near the surface, the device 

can be used to detect localized leakage.  This technique is strong in that it accurately 

measures the amount of CO2 in the observed environment, but is weak in terms of the 

coverage area of the instrument.  Large-scale sequestration site projects will potentially 

require monitoring of areas on the order of tens to hundreds of square-kilometers [13]. 

While the IRGA measures the concentration of CO2 in a sample environment, an 

accumulation chamber can be combined with an IRGA to determine flux rates through a 

ground surface area.  The flux is proportional to the time derivative of CO2, measured by 

the IRGA, geometric properties of the accumulation chamber/IRGA system, and 

properties of the air.  As with the IRGA, this instrument makes accurate, but localized 

measurements [12]. 

Another type of system operating on similar premises as the IRGA is a tunable-

laser instrument that sweeps a tunable laser across multiple CO2 absorption features near 

2 microns.  The laser source is split into four paths, one used as a reference and three 

configured to pass light through a test medium to measure absorption.  Output from the 

detectors on the test paths are normalized to the reference detector to determine 

absorption, and a set of spectra is constructed from the gathered data as the source laser 

wavelength is swept from around 2.003 to 2.005 microns.  The observed attenuation in 

the absorption channels is compared to the reference signal with the amount of absorption 

used to determine the concentration of CO2 in the test atmospheres [14].  As with the 

IRGA, this type of measurement is a good way to measure the amount of CO2 present in 

a test atmosphere, and time-series trends in the concentration could be used to detect leak 
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events at a sequestration site.  Although this approach allows for larger-scale monitoring 

than the IRGA, it still provides a relatively localized measurement, which is a 

disadvantage in monitoring large areas for leaks. 

Differential Absorption LiDAR (DIAL) and Raman LiDAR systems have also 

been proposed as ways of detecting CO2 in the atmosphere remotely [12].  Raman 

LiDAR systems use shifts in the wavelength of scattered light compared to that of the 

incident beam to determine the concentration of a target gas, in this case atmospheric 

CO2.  A DIAL system emits light at two wavelengths, one corresponding to a CO2 

absorption feature, and one in a non-absorption band.  The ratio of the reflected light at 

the two wavelengths is used to determine the concentration of CO2 over the path of the 

laser [12].  These techniques are good options for large-area monitoring because they can 

be operated with reasonable resolution over long path lengths (1-2 km), they provide 

range-resolved measurements that lead directly to a map of the leak location, and they 

directly detect the presence or absence of CO2 in the atmosphere.  However, these 

systems are generally large, complex, and expensive.  

Hyper-spectral and multi-spectral imaging techniques also have been researched 

as a means of providing wide-area leak detection.  These systems analyze the reflectance 

properties of observed vegetation using various statistical techniques to identify regions 

of vegetation that exhibit abnormal levels of stress.  The reflectance properties of 

vegetation are determined by a variety of factors.  These include leaf age, water content, 

cell structure, pigment content, surface properties, and angle of incidence of incoming 

light [15].  Healthy vegetation exhibits significantly higher reflectance of near-infrared 
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light compared to visible light.  The disparity between visible and near-infrared 

reflectance is primarily due to the high degree of absorption by chlorophyll in the visible 

wavelengths and the reflectance of mesophyll in the near-infrared wavelengths.  The 

increase in near-infrared reflectance occurs rapidly around 730-nm, an area of the 

vegetation reflectance spectrum known as the “red edge”.  Typical reflectance spectra for 

healthy and unhealthy vegetation are shown in Figure 1. 

 

 

Figure 1: Typical vegetation reflectance spectra acquired by an Ocean Optics handheld USB spectrometer. 

 

One index used as a measure of plant health is the Normalized-Difference 

Vegetation Index (NDVI).  The NDVI, defined by Equation 1, uses the difference 

between red and near-infrared reflectance to provide a numerical estimate of plant health.  

As vegetation becomes stressed and dies a decrease in chlorophyll absorption of red light, 
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and/or a decrease in near-infrared reflectance results in a flattening of the reflectance 

spectrum. 

 

                                                    (1) 

 

This flattening results in a decrease in the numerical value of the NDVI.  

Decreasing NDVI trends are interpreted as a decrease in vegetation amount, health, or 

vigor.  It is known that CO2 can act as a nutrient to plants [16], but when introduced in 

large quantities it acts as a stressor by inhibiting root growth. This plant stress can be 

detected by the NDVI. 

Hyper-spectral imaging systems have been deployed both on the ground [17,18] 

and from an airborne platform.  These combined efforts have demonstrated the feasibility 

of using plant reflectance data to detect stress in vegetation exposed to CO2.  Repeated 

observations of plants at varying distances from a CO2 release source were used by Keith 

et al. to find correlations between plant stress and distance from a CO2 leak.  The hyper-

spectral data collected was used in a regression tree analysis to determine the importance 

of each spectral band in classifying the data.  This analysis found wavelengths around 

700-nm and about 760-nm to be of particular importance to the model. 

The approach to sequestration site monitoring detailed in this paper uses a multi-

spectral imaging system with spectral sensitivities in red and near-infrared bands to track 

time-series vegetation reflectance and NDVI trends.  Multi-spectral imagers similarly 

detect vegetation stress using a reduced number of broader spectral bands.  
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Demonstration of the feasibility of this approach used statistically significant differences 

in time-series trends for regions of vegetation at varying distances from a known CO2 

leak source to show that 1) as expected, stress exhibited by the plants is detectable using 

the NDVI and 2) there are statistically significant differences in NDVI trends between 

affected vegetation and reference vegetation [19].  Combined with previous research 

results [17,18,19], this research shows that remote sensing of vegetation provides a 

promising way of monitoring large areas around sequestration sites for vegetation stress 

associated with exposure to CO2. 

The hyper-spectral and multi-spectral imaging systems described here are both 

well suited to sequestration site monitoring.  Both systems have the potential to monitor 

large areas of vegetation for signs of stress.  These systems lack the ability to directly 

detect the presence, or absence, of CO2, but can detect the stress on vegetation caused by 

a CO2 leak, assuming the leak exposes the vegetation to sufficient quantities as to cause a 

decline in health.  A detection system using near-surface imaging of large areas would 

complement a separate technique for direct measurement of CO2 in order to verify that a 

leak occurred, and to provide estimates of the quantity released as well as the release rate.  

Direct knowledge of the scope of a leak is crucial to estimating potential environmental 

impacts. 

The remainder of this paper describes the design of a new, low-cost multi-spectral 

imaging system and its deployment to a controlled CO2 release experiment alongside a 

previous generation imager.  The second chapter contains an overview of the first imager 

used in this CO2 leak detection research and details the design and development of the 
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new system.  The third chapter provides a detailed overview of the 2009 and 2010 release 

experiments and information on the collected data.  Chapter four reviews the exploratory 

data analysis performed in search of CO2-induced stress signatures that can be used for 

signaling potential leaks, and chapter five presents the results of this work along with 

commentary regarding leak-detection strategies applicable to large sequestration sites.  
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IMAGING SYSTEMS DESCRIPTION AND SPECIFICATION 

 
 

Imaging Systems Overview 
 
 

A primary goal of this project is to develop a compact, low-cost multi-spectral 

imaging system that can be deployed easily for field measurements, perhaps eventually in 

a network of imagers communicating via wireless links. The first step toward this goal 

was the deployment of a commercial multi-spectral imager for demonstrating the 

feasibility of detecting leaking CO2 via vegetation reflectance spectral signatures (Rouse 

et al. 2010). The second step, which began in the spring of 2009, was to design a 

customized multi-spectral imaging system with the following requirements relative to the 

previous system: reduced power consumption, reduced size, autonomous operation, 

remote controllability, comparable spectral sensitivities and resolution, and reduced cost. 

To achieve significant power and size reduction whilst maintaining data storage 

capability, the control computer was shifted from a desktop PC to a compact single-board 

computer.  This single-board computer maintained some benefits of a desktop PC, 

including multiple common communications interfaces (USB, Ethernet), support for 

multiple operating systems, and significant data storage capacity, at the expense of some 

processing power and memory capacity.  Maintaining support for common 

communications interfaces was crucial in achieving cost reductions by keeping many 

low-cost system elements, most notably video cameras, available for use in the design.  

Additionally, the availability of an operating system provided options for the use of high-

level software programs for instrument communications and control.  As with the 
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development of any next-generation system, the design of the new instrument sought to 

demonstrate increased performance over its predecessor.  Areas identified for 

performance enhancement included faster data acquisition under varying lighting 

conditions, increased reliability, simplification of operation, increased autonomy, and 

more environmentally robust instrument housing.  Each of these design requirements 

shifts the imaging system toward the end goal of an autonomous, field-deployable, 

networked multi-spectral imaging sensor. 

 
General System Operation 

 
 

The operation techniques of both imaging systems are nearly identical and both 

use manipulation of the camera integration time to homogenize exposure under dynamic 

lighting conditions.  A Spectralon panel provides feedback in the exposure control loops 

in addition to serving as a radiometric calibration target used to calculate reflectance in 

each image during post-processing.  The general approach to exposure control is to 

manipulate camera integration time until the average digital number for image pixels 

comprising the Spectralon panel fall within a user-specified range (repeated for each 

channel), with an upper limit near the maximum digital number (255 counts) of the 8-bit 

image.  Increasing integration time until the Spectralon pixel values are near 255 counts 

maximizes the dynamic range of the measurements by using the full range of the 8-bit 

pixel values, thereby decreasing the reflectance percentage of the least-significant bit 

(LSB) of each pixel. 
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The specifications for the commercial MS3100 imaging system are deeply 

detailed in [20], so the reader is referred to that resource for information beyond what is 

provided in the brief instrument overview in the next section.  The second-generation 

system specifications are the emphasis of the remainder of this chapter, which details the 

system requirements, design, and development of the new instrument. 

 
MS3100 System Specifications 

 
 

The MS3100 camera is a three-channel multi-spectral imaging platform used in 

low-frame-rate remote-sensing applications.  Notable camera features include a serial 

communications interface for configuration and control, a CameraLink interface for data 

transmission, and a VGA output for direct image preview.  A custom front-end wide-

angle optics configuration provides a field-of-view suitable for near-surface imaging 

applications.  The imager, as configured for use in this research, is shown in Figure 2. 

 

 

Figure 2: Geospatial Systems Inc. MS3100 camera 
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Spectral Response 

The primary spectral bands of interest to this research are red and near-infrared, 

which are used in the calculation of the NDVI.  For this camera, the red band is 

approximately 630 to 710 nm and the near-infrared band is approximately 735 to 865 nm.  

These bands closely correspond to the LandSAT Thematic Mapper Band 3 and Band 4, 

respectively [21], which partially encompass the MS3100 camera bands.  This spectral 

commonality enables direct comparison between near-surface high spatial resolution data 

and satellite data.  Figure 3 graphically depicts the MS3100 camera spectral response. 

 

 

Figure 3: MS3100 typical spectral response (Geospatial Systems, Inc.) 

 

Resolution 

The MS3100 camera acquires images at a pixel resolution of 1040-by-1392, or 

1.4 Megapixels (MP), with 8-bit depth as currently operated.  The camera has the 

capability to record 10-bit images, but the current National Instruments PCI-1428 frame 

grabber can only transfer 8-bit or 12-bit data, thus precluding 10-bit operation. 
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Field-of-View 

In factory configuration the camera had an approximately 24o full-angle 

horizontal field-of-view, which was too narrow for this particular near-surface 

deployment scenario.  A customized optical front-end, consisting of a 20-mm lens 

assembly coupled with a fish-eye lens, was adapted to increase the full-angle horizontal 

field-of-view to about 55o.  This increased field-of-view allowed regions of vegetation 

near the release pipe, as well as regions sufficiently removed from the release pipe to be 

considered unaffected by released CO2, to be imaged simultaneously. 

 
Calibration 

Prior to deployment, the imager was characterized and it was determined that the 

dark current levels were acceptably stable over a wide range of temperatures, including 

anticipated operational temperatures, so no correction for dark current under varying 

temperature conditions was applied.  A subtraction of constant dark current is applied to 

each spectral channel during post-processing.  It was determined, however, that there was 

a high degree of irradiance falloff near the edges of the detectors, so a flat-field correction 

is applied to images in real-time. 

 
Data Communication and Camera Control 

Image data are transferred from the MS3100 camera to the host PC via a 

CameraLink connection.  General camera control is performed via a simple RS-232 8-N-

1, 9600-baud communication connection.  The only parameters actively controlled during 

instrument operation are the integration times for each of the channels. 



14 

 
Frame Rate 

Perhaps the most significant limitation of this camera, as operated for this 

research, is the low, 7.5 frames per second frame rate.  One of the most critical needs of 

the imaging system is reliable image acquisition, especially under varying light 

conditions.  The ability for this system to rapidly react to changing light conditions by 

quickly adjusting the integration time is diminished by the slow frame rate, combined 

with the comparatively slow 9600-baud serial communication rate used to manipulate the 

individual channel integration times. 

 
LabVIEW VI Description 

The LabVIEW graphical user interface (GUI) used to control the MS3100-based 

system provides several notable features beyond simple data acquisition.  Each channel 

of the MS3100 imager is represented in the GUI by five image windows that display the 

most recently acquired image from the corresponding channel.  In addition to providing a 

real-time look at the data, these image fields allow the user to define the region 

encompassing the Spectralon panel (in two frames, one of which drives the exposure 

control, the other used in calculating real-time reflectance calculation), and three regions 

of interest (ROIs).  The three ROIs are used to monitor red reflectance, near-infrared 

reflectance, and NDVI for vegetation in different areas of the scene.  These calculations 

are plotted in real-time on GUI strip charts.  Prior to starting the instrument, the user 

provides file paths to hard drive data storage locations, specifies the name of the camera 

interface used by LabVIEW, and the interval at which images are to be captured.  After 
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setting these configuration parameters, the user specifies the range of average Spectralon 

pixel values for each of the three channels, and initiates instrument operation.  After the 

instrument has begun running, the only image preview frame that is populated with 

acquired images is the frame used for defining the Spectralon region as a feedback in the 

exposure control loop.  Once the conditions for the average Spectralon pixel value are 

met (i.e. the average pixel value of the Spectralon region falls within the user-specified 

limits) the instrument acquires a data point, stores the images to the hard drive, populates 

the remaining four image frames (for each channel) and plots the reflectance and NDVI 

for each of the user-defined ROIs. 

 
Exposure Control 

With the MS3100 camera, exposure control is implemented independently on 

each channel to account for differences in the amount of incoming light among the 

spectral bands.  In the MS3100 control system, the integration time is adjusted using a 

scaled, guess-and-check, iterative approach, which increases or decreases the integration 

time by a predefined percentage based on how far the average Spectralon value is from 

specified range.  Although it does work, this brute force approach is quite slow to 

respond to changing light conditions, as are encountered on partly cloudy days.  There are 

a handful of reasons why this approach is slow.  The integration time adjustment is small 

when the error is small; so many iterations are needed to make small corrections.  In the 

case where the exposure control loop is executed while the sun is obscured, the 

instrument will make a large change to the integration time with no estimation of what 
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the actual integration time should be.  If the cloud subsequently clears, the imager will 

make another large correction to account for this, again with no estimation of what the 

target integration time should be.  Under partly cloudy skies, the system integration time 

corrections tend to lag the lighting conditions, only simultaneously converging on 

acceptable integration times on all three channels by chance.  This integration time 

adjustment method relies on prolonged changes in illumination, i.e. a single change from 

sunny to overcast, or vice versa, and does not perform well in rapidly changing 

conditions, as it tends to oscillate between drastically long and short integration times.  

As previously mentioned, the exposure control algorithm was targeted for improvement 

in the new design, which is discussed later in this chapter. 

 
Data Storage 

Data gathered by the MS3100 system is stored on the control computer's local 

hard drive.  A separate data directory is created for each day the instrument is operated, 

and the acquired images are stored in said directory throughout the day.  Images follow 

the naming convention “hhmmss AMG”, or similar with “AM” replaced by “PM”, where 

applicable, and with “G” replaced by “R” or “IR” to distinguish spectral channels.  For 

post-processing, the time strings in the file names were converted to 24-hour 

representation to simplify sorting in the processing environment.  Periodically, the data 

were copied to an external device and transferred to a lab computer as a back-up.  This 

ensured that at least two copies of the raw data always existed, and that only one or two 

days of data stood to be lost in the event of a catastrophic system failure. 
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MS3100 System Power Requirements 

The greatest power consumer in the MS3100 system is the control computer, 

which has a power supply maximum rating of 250 W.  Though it is not expected that the 

computer would draw that much power, worst case power draw must be considered.  The 

MS3100 camera itself, like the control computer, accepts 100 to 240-VAC and has a 

maximum power draw of 10 W.  A display monitor is used along with the computer, 

which is rated at 56 W.  Summing these system components results in a maximum 

expected power draw of 316 W. 

 
MS3100 System Cost Estimate 

The original cost of the MS3100 camera was $14,775, and the associated National 

Instruments frame grabber was $1464.  A price estimate for the Camera Link connection 

cable is around $60 for a one-meter cable.  The system control computer has an estimated 

replacement cost of $800, bringing the estimated hardware replacement cost for the entire 

system to approximately $17,099. 

 
PixeLink System Design 

 
 

The second-generation system was designed in two major components: the optical 

system and the control system.  The optical system requirements were derived from the 

performance characteristics of the MS3100 system and were primarily driven by the 

desire for similar spectral sensitivities and a similar field-of-view.  The requirements for 

the control system were quite relaxed as the only hard requirement was to capture and 
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store images taken by the camera.  Whereas the MS3100 achieves multi-spectral imaging 

capabilities through an internal combination of filters, beam splitters, and multiple CCDs, 

the new system was designed as a lower-cost alternative using off-the-shelf components, 

thus limiting the avenues for incorporating multiple spectral channels.  There were two 

primary considerations for satisfying the spectral band requirements.  The first was to use 

a camera and a filter element for each channel, meaning the system would require a 

minimum of two cameras to gather the red and near-infrared data.  This configuration is 

advantageous in that images from each channel can be captured simultaneously, but is 

disadvantaged in terms of cost and power consumption.  The second configuration, and 

that which was implemented in the final design, used a single camera with a filter wheel 

to meet the spectral requirements.  Though this system takes images for each channel 

sequentially, the automatic exposure control maintains similar exposures even if the 

lighting changes between acquisitions.  The underlying reflectance characteristics of the 

observed vegetation are not expected to change rapidly on a time scale of seconds, so the 

temporal separation between channel image acquisitions is considered negligible.  The 

subsequent sections of this chapter detail the design process, the optical and electrical 

performance characteristics, control techniques, characterization, and calibration of the 

system. 

 
Camera 

The camera used in this system was subjected to a handful of selection criteria 

including communication via a high-level, high-speed interface (FireWire, USB, 
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Ethernet, etc.), low power consumption, easy controllability, and low cost.  The control 

interface was important due to the short development time and desire to control the 

camera via a MATLAB script.  The camera chosen for the system was the PixeLink PL-

B741U, which features the specifications shown in Table 1. 

 

Table 1: PixeLink PL-B741U camera parameters 

Camera Parameter Parameter Value 

Resolution 1280 x 1024 

Frame Rate (fps) 27 

Power Consumption (W) 3.2 

Interface USB 2.0 

Sensor Format CMOS 

Sensor Dimensions (mm) 8.57 x 6.86 

Cost (USD) $1,549.00 

Operating Temperature (oC) 0 – 50 

 
 
The camera with the reimaging optics tube mounted to the front end is shown in      

Figure 4. 

 

 

Figure 4: PixeLink PL-B741U camera 
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Optical Design 

Early in the design process, narrow-band interference filters were identified as the 

primary choice for incorporating spectral selectivity into the optical system.  To motivate 

the need for designing a customized optical assembly to house the filters, a brief 

discussion of the optical properties of interference filters is in order.  Interference filters 

consist of many layers of materials with carefully chosen refractive properties and 

thicknesses that allow transmission of narrow bands of light through constructive 

interference.  The central wavelength of bandpass interference filters is specified for 

normal incidence, but it decreases as the angle of incidence deviates from normal.  

Equation 2 describes the spectral shift. 

 

                                                      (2) 

 

In this equation, λc represents the shifted center wavelength, n* is the equivalent 

refractive index, λo is the center wavelength at normal incidence, and θ is the angle of 

incidence of incoming light.  This shift in center wavelength is depicted graphically in 

Figure 5 for three effective indices of refraction. 
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Figure 5: Interference filter wavelength shift with light incidence angle 

 

In a multi-spectral imaging application, the implication of this is that each off-axis 

pixel represents different spectral information than what is desired.  Figure 6 shows a 

simulated 1024-by-1280 image representing the shift in center wavelength of an 

interference filter for off-axis pixels in a 45o full field-of-view image. 
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Figure 6: Simulated interference filter shift image 

 

To reduce this effect, a custom optical front-end was designed for insertion 

between the wide-angle front-end lens and the camera.  The custom optics consisted of 

two field lenses, which capture and collimate the light leaving the wide-angle lens.  The 

collimation of light extends the optical path length between the front lens and the camera, 

permitting insertion of the filter wheel. Since the filter is in the region of collimated light, 

the effects of off-axis incident light are reduced.  For this application, the incidence angle 

need only be reduced such that the near-infrared filter transmittance band does not 

overlap the “red edge” feature of the vegetation reflectance spectrum. 
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Filter Selection 

The filters used in this application were chosen to overlap the spectral bands of 

the MS3100 system.  The near-infrared filter was centered at 800 nm, and the red filter 

was centered at 630 nm.  Each filter transmission band was 40-nm wide, as measured by 

the full-width half-maximum (FWHM).  The lower edge of the near-IR filter was at 780 

nm.  Figure 7 and Figure 8 below shows the spectral characteristics of the red and near-

infrared interference filters, respectively. 

 

 

Figure 7:  Red filter spectral response (Thorlabs FB650-40) 
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Figure 8: Near-IR filter spectral response (Thorlabs FB800-40) 

 

Recalling the example vegetation reflectance spectrum of Figure 1, the design of 

the optics system sought to keep the center-wavelength shift of the near-infrared filter to 

less than 30 nm, thus ensuring the lower edge of the transmission band remains above the 

vegetation reflectance “red edge”.  This requirement was turned into the specification that 

the incidence angles on the filters remain less than 19.5o.  Figure 9 shows the 1” circular 

filter type used in the system. 

 

 

Figure 9:  Example 1-inch interference filter 
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Wide-Angle Objective Lens 

The front-end wide-angle C-mount lens used in the imager was the Tamron 

MVL65, which is an off-the-shelf complex lens assembly with unknown internal 

components.  The only known parameters of the lens are the effective focal length, which 

is 6.5 mm, and the back focal distance of 13.0 mm.  Figure 10 shows a picture of the 

Tamron front-end lens. 

 

 

Figure 10: Tamron MVL65 C-mount lens 

 

Knowing the back focal distance, or the distance from the rear-most optical 

element in the lens assembly to the focal plane, made placement of the field lens easy, but 

determining what power lens to use was more complicated.  The power chosen for the 

field lens depends on the angle of incoming light that is to be relayed by the field lens.  In 

this system, this angle is defined by the chief ray, which determines the height of the 

image at the camera detector.  The exact angle of this ray, as it leaves the MVL65 lens 
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assembly was unknown, and was estimated using the geometry of the Tamron lens 

mounted directly to the camera body, as shown in Figure 11. 

 

 

Figure 11: Tamron lens ray angle assumptions 

 

This assumes the exit point of the chief ray is the center of the rear lens element.  

This assumption was tested and found to be acceptably true in the lab by collimating and 

expanding a laser beam such that it filled the entrance pupil of the Tamron lens, directing 

the beam into the lens from the maximum off-axis angle, and observing where the rays 

exited the rear lens.  It is upon this assumption that the remainder of the optical system 

was designed. 

 
Field Lens Selection 

The maximum angle of incidence on the camera detector, when connected 

directly to the MVL65 lens, was assumed to be about 18.25o.  The field lens was used to 
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relay this light through the filter element, and into the re-imaging optics.  To determine 

the power required for the field lens, the ray-trace equation of Equation 3 was used. 

 

                                                      (3) 

 

In this equation, n' and n are the indices of refraction for the medium before and 

after the lens element.  Since the medium is air (n = n' = 1) on both sides of the lens, 

Equation 3 reduces to Equation 4. 

 

                                                           (4) 

 

In this equation, u' is the ray angle leaving the field lens element, u is the ray 

angle incident on the field lens, y is the height of the incident rays at the field lens, and φ 

is the power of the field lens.  Taking the incidence angle u to be 18.25o, u' to be 0o or 

slightly less, and y to be 4.285 mm (the height of the camera's sensor), the lens required 

to collimate the incoming light was determined to have the parameters shown in Table 2. 

 

Table 2: Field Lens Calculation Summary 

Lens Glass Type Power Focal Length 

Field Lens BK7 74.3 m-1 13.45 mm 
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To help reduce aberrations and to increase the number of off-the-shelf options for 

the field lens, the lens power was split, and two field lenses were selected.  These lenses 

were Thorlabs LB1014 and LB1450 with focal lengths of 25-mm and 20-mm, 

respectively.  This lens combination offered a slight increase in total power for the field 

lens elements, which helped to ensure all light was relayed properly through the system.  

Figure 12 depicts one of the field lens singlets used in the system. 

 

 

Figure 12: Example field lens singlet 

 

Reimaging Optics 

The reimaging optical element used in the system was chosen using the imaging 

equation shown in Equation 5. 

 

                                                            (5) 
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The separation between the last field lens and the reimaging lens was chosen to be 30 

mm, which left enough separation to insert the filter wheel assembly.  Again, off-the-

shelf components were used, and it was simplest to find a symmetric triplet with equal 

front and rear focal distances.  As a starting point for the design and simulations, it was 

imposed that the distance from the rear field lens to the triplet, and from the triplet to the 

image plane be equal to start with a unity magnification by the reimaging triplet.  Taking 

s and s' to equal 30 mm, the focal length required of the reimaging lens was 15 mm as 

shown in the following calculation which solves Equation 5. 

 

                                                      (6) 

 

                                                (7) 

 

With this focal length specified, the most suitable reimaging lens was found to be 

the JML Optics TRP14350/100 – the decision of suitability being primarily based on cost 

and availability.  This lens is a half-inch, achromatic, cemented triplet with an effective 

focal length of 19 mm.  Figure 13 shows an image of the selected reimaging triplet. 
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Figure 13: Selected re-imaging triplet (JML TRP14350/100) 

 

ZEMAX Simulations 

A simulation model was developed using the ZEMAX optical design software to 

assess the performance of the system design based on the selected optical elements.  

Since the available off-the-shelf component parameters varied slightly from the 

calculated values it was important to build a model and run simulations to determine that 

the design requirements could be met, and to provide an optimal starting point for the 

assembly of the system.  After many simulation iterations, an acceptable model was 

found.  By simulating the Tamron front-end lens assembly as a 13-mm-focal-length 

paraxial lens, the remainder of the system could be optimized to provide the best imaging 

performance while providing room for, and minimizing incidence angles upon, the 

interference filters.  Figure 14 shows the layout of the optical system model. 
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Figure 14: Initial optical system layout 

 

In optimizing the model, restrictions were placed on the locations of the field 

lenses and the reimaging triplet such that they were contained within available optics 

mounting tubes.  That is, the opto-mechanical structure of the final system was designed 

into the model so that the simulated system would be able to be constructed easily using 

commonly available optical mounting hardware. 

Though this instrument is designed for use in an imaging application, the 

requirements for image quality were not as strict as they may be for an instrument in 

which high resolution imagery is the main focus.  The data processing from this imager 
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uses spatial averaging of pixels for analysis, so image quality reductions due to 

aberrations, including distortion, spherical, coma and astigmatism, were not considered to 

be significant problems as long as the imaging was good enough to resolve large features 

of the scene and the field-of-view was comparable to the MS3100 instrument.  Of the 

aberrations listed, distortion is the most important to reduce because it affects the point 

position of the pixel rather than the image quality [22].  It is important that the pixels in 

the image correspond geometrically to their locations within the scene, especially in the 

future, as said locations may be used to identify a leakage region in terms of a position on 

the earth relative to the camera.  If that information is incorrect, the wrong area of 

vegetation may be flagged for inspection and a leak may be missed. 

 
Construction 

The ZEMAX model provided sufficient confidence that the system could be 

constructed and that the system would produce images of acceptable quality for this 

research.  The final configuration was a product of multiple iterations of building, testing, 

and adjusting to arrive at a final configuration.  Some deviations in optical element 

placements relative to the simulated locations were required in order to be used with the 

standard lens mounting tube sizes available from Thorlabs.  These tube sizes, in half-inch 

diameter, included 0.3-in, 0.5-in, and 1.0-in. Once the lenses were mounted in the tubes, 

the tubes themselves were mounted in one-inch diameter lens tubes using externally 

threaded, half-inch-to-one-inch lens tube adapters.  In this way, some adjustment 

capabilities were introduced into the system by allowing the smaller tubes housing the 
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optical elements to be moved relative to the larger external tubes while preserving the 

overall length of the system.  Figure 15 shows lenses inside a smaller tube housed within 

a larger tube. 

 

 

Figure 15: Mounted optical elements 

 

After mounting all of the optical elements, the system was placed in an 

environmentally robust housing along with the control computer.  A breakout panel for 

the computer control signals, including a power button, reset button, two USB 

receptacles, an Ethernet jack and power plugs, was constructed using IP-67 rated 

components.  These components provide protection from environmental hazards 

including water and debris.  Figure 16 shows the constructed system interface panel. 

 



34 

 

  

Figure 16: Computer interface panel 

 

An observation port was cut in the front of the box as a place for the camera to 

look through.  The hole was covered with a Lexan window.  The completed system is 

shown in Figure 17. 
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Figure 17: Complete imager system 

 

Calibration 

After constructing the optical system, characterization of the behavior of the 

system under varying lighting and temperature conditions was performed.  The first 

correction that was calculated for the imager accounted for changing dark current in the 

CMOS detector as a function of integration time and under varying temperature 

conditions.  The camera was placed in a thermal chamber with a cap taped over the 

sensor to block as much ambient light as possible from reaching the detector.  The 

temperature of the thermal chamber was varied over the temperature points shown in 

Figure 18. 
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Figure 18: Dark current temperature sweep points in Celsius and Fahrenheit. 

 

At each temperature sweep point, the camera's integration time was swept from 5-

ms to 1-s in 5-ms increments.  For each point, a dark image was captured and stored.  

After taking images for all integration times, dark current was regressed pixel-by-pixel 

against integration time and temperature using the model shown in Equation 8, which 

provided a dark current image correction across all expected operating temperatures and 

integration times.  The dark current correction is applied by subtracting the dark image 

from the original image. 

 

         (8) 
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Since the regressions were performed on a per-pixel basis, each parameter in the model is 

actually a full-resolution image of values.  These parameter images are shown in     

Figure 19. 

 

 

Figure 19: Dark current correction parameter images 

 

The next correction applied to the imaging system helped to account for the non-

uniform illumination of the camera detector caused by the front-end optical system.  In 

the illuminated region of the detector there is a substantial fall-off in brightness from the 

center of the image to the outer edges of the illuminated area.  To correct for this, a 

uniform scene was generated by placing the imager in front of an integrating sphere such 

that the output of the sphere filled the entire field-of-view.  The brightness of the sphere 
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was set such that a region of pixels in the center of the image had an average digital 

number of 255 with the camera integration time set to the highest estimated operational 

value of 250 ms.  With the integrating sphere set to the correct brightness, the integration 

time was varied from 5 ms to 250 ms in 5-ms increments.  At each integration time, a 40-

by-40 pixel region at the center of the image was averaged to determine the target pixel 

value for the entire image.  After performing this calculation at each integration time, a 

pixel-by-pixel regression of target pixel value versus observed pixel value was calculated.  

The correction is a linear model, shown in Equation 9, for target pixel value versus 

observed pixel value. 

 

          (9) 

 

Correction coefficients were calculated for f-11 and f-16 Tamron lens f-number settings.  

The resultant slope and offset images (for the f-11 setting) are shown in Figure 20 along 

with example uncorrected and corrected images.  Adjustment values from the flat-field 

correction within the useful image area are typically less than 10 digital numbers.  Each 

image undergoes the dark current correction and the flat-field correction prior to storage. 
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Figure 20: Flat-field correction 

 

Control Software 

The instrument control software was written as a MATLAB script with interfaces 

to the camera and filter wheel achieved through the use of MEX-files.  MEX-files 

provide an interface between an external programming language, C in this case, and the 

MATLAB environment.  This allowed camera and filter wheel applications to be written 

in C, but controlled from the MATLAB script.  The tasks that were implemented as 

MEX-functions are shown in Table 3. 
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Table 3: Control Functions Implemented as MATLAB MEX-Functions 

Function Source File MATLAB Function Call 

Read Camera Gain get_camera_gain.c gain = get_camera_gain(handle) 

Read Camera IT get_integration_time.c it = get_integration_time(handle) 

Read Camera Temp get_sensor_temp.c temp = get_sensor_temp(handle) 

Capture Image getsnapshot.c image = getsnapshot(handle) 

Initialize Camera initialize_camera.c handle = initialize_camera() 

Set Camera Gain set_camera_gain.c set_camera_gain(handle,value) 

Set Camera IT set_integration_time.c set_integration_time(handle, value) 

Uninitialize Camera uninitialize_camera.c uninitialize_camera(handle) 

Set Filter Position set_filter.c set_filter(position) 

 

 

Once the C-functions or applications were written, they were compiled into the 

needed formats for access through MATLAB.  This approach to development was very 

useful because the camera and filter wheel both came with Application Programming 

Interface (API) libraries that provided function calls to the corresponding hardware.  To 

execute the different tasks, simple calls were made to the provided functions within the C 

code and the desired data was returned to the MATLAB environment as outputs of the 

program. 

The general architecture of the control software was an infinite loop with some 

configuration tasks executed during initialization.  Figure 21 is a block diagram 

illustrating the program flow. 
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Figure 21: PixeLink instrument control diagram 

 

The first step in the program is to initialize a data structure that stores the relevant 

instrument data through each iteration of the control loop.  Fields in this structure include 

acquired red and near-infrared images, the time the data point was recorded, internal 

camera temperature, red integration time and near-infrared integration time.  Next, a 

camera control session is established with the camera through the camera initialization 

function.  This function returns a handle to the camera, which is used in future API calls 

for manipulating camera features.  With the camera initialized, a snapshot is taken and 
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displayed to the system operator Spectralon panel region definition.  The MATLAB 

function roipoly captures the user input and returns a logical image mask that is used to 

isolate the Spectralon pixels.  As previously mentioned, these pixels are used as feedback 

in the exposure control routine.  Next, the coefficients required for the flat-field 

correction and the temperature-dependent dark current correction are loaded into the 

MATLAB workspace.  The final step before the instrument begins acquiring data is to 

provide a few operating parameters, which include the interval at which measurements 

are to be made, the red and near-infrared filter positions, and the start and stop times for 

imager operation.  The start and stop times are used as a means of automating the system.  

By checking whether the current time is between the daily start and stop times, the 

system can take data during the daytime hours, stop taking data in the late afternoon and 

through the night, and resume data acquisition the following day without user interaction. 

The main control loop is a simple structure that executes three primary tasks: 

capture red image data, capture near-infrared image data, and delay until it is time to 

repeat the process.  Again, as part of capturing the image data the integration time is 

manipulated to maximize the dynamic range of the measurements and homogenize 

exposure between images acquired under different lighting conditions.  During the first 

iteration through the control loop, a simple linear-regression calculation is performed to 

estimate the starting integration time based on current lighting conditions.  For 

subsequent iterations, the estimate for the integration time is taken to be the integration 

time value for the previous iteration.  By making minor, constant additions to or 

subtractions from the integration time, the average Spectralon pixel value can be coaxed 
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to within the specified range quickly.  The integration time correction additive value 

curve (for when the average Spectralon value is below the minimum value) is shown in 

Figure 22. 

 

 

Figure 22: Integration time correction curves 

 

Data Storage 

Each data point was stored in a folder corresponding to the date the image was 

taken (e.g. ...data_directory/dd-mmm-yy/) and was assigned a name corresponding to the 

time at which the data point was recorded (e.g. hhmmss.mat).  The control script checks 

to make sure the data storage directory exists, and, if necessary, creates the directory 
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prior to attempting to store the data.  Dynamically naming the files and storage 

directories enables automation of the system by removing the requirement of manually 

creating and naming the required data paths.  The disk used for data storage was a 320-

Gb Serial-ATA (SATA) laptop hard drive. 

 

PixeLink System Power Consumption 

The PixeLink system power draw is determined by the sum of maximum power 

draws for the Pico-ITX control computer, the FW102B filter wheel, and the PL-B741U 

camera.  The max power consumption for the control computer is about 12 W, 5 W for 

the filter wheel, and 3.2 W for the camera.  Including 56 W for a display monitor, the 

maximum expected power draw for the system is 76.2 W. 

 
PixeLink System Cost 

The goal of remaining below the replacement cost of the MS3100 system for the 

total PixeLink system cost was fairly easy to achieve.  A stricter goal of keeping the 

system cost below $4000 was sought as a more reasonable restriction.  The total cost for 

the PixeLink system is calculated in Table 4. 
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Table 4: PixeLink system costs 

Items Price 

PixeLink PL-B741U Camera with Control Software $1549.00 
Thorlabs FW102B Filter Wheel $998.00 

Bandpass Filters (3) $287.10 
LB1450-B Field Lens $29.70 
LB1014-B Field Lens $28.30 

JML TRP14350/100 Triplet $195.00 
Misc. Optical Mounting Hardware $220.60 

Misc. System Hardware $383.82 
System Enclosure $110.00 

Total System Cost $3801.52 

 

 

In conclusion, a two-channel multi-spectral imager, with available expansion up 

to six-channels, was designed and developed.  Based around the PixeLink PL-B741U 

camera and a single-board Pico-ITX computer, this system is a lower-cost and lower-

power alternative to high-end multi-spectral imaging systems with similar resolution and 

spectral sensitivities.  
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EXPERIMENT OVERVIEW 

 
 

The Zero Emissions Research and Technology Center (ZERT), headquartered at 

Montana State University in Bozeman, Montana, is a research collaborative that seeks to 

advance technology related to geological carbon sequestration.  The research goals 

outlined by ZERT are development of advanced computer models that help predict and 

understand the behavior of sequestered CO2, development of sequestration integrity 

monitoring technologies used for monitoring sequestration sites for signs of leakage, and 

to develop sequestration project management strategies [23].  Primary collaboration 

partners include Montana State University (MSU), Los Alamos National Laboratory 

(LANL), Lawrence Berkeley National Laboratory (LBNL), Lawrence Livermore 

National Laboratory (LLNL), National Energy and Technology Laboratory (NETL), 

Pacific Northwest National Laboratory (PNNL), and West Virginia University [23].  In 

carrying out its mission, ZERT hosts an annual, controlled CO2-release field experiment 

designed to emulate leakage from a large scale geological sequestration site.  This 

experiment is used by researchers to monitor the effects of the subsurface CO2 release on 

near-surface water, soil, vegetation, and atmosphere using various measurement and 

observation techniques. 

The ZERT field site is located at the MSU Department of Animal and Range 

Sciences, Bozeman Agricultural Research and Teaching Farm (BART) just west of the 

MSU main campus in Bozeman, MT.  The CO2 release site is an approximately 0.35 

square-kilometer, nominally flat pasture consisting of a variety of vegetation [24].  
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Resident vegetation includes western salsify, dandelion, Canada thistle, alfalfa, birdsfoot 

trefoil, clover, lupine, quackgrass, orchard grass, and Kentucky bluegrass [25]. 

CO2 is released from an on-site storage tank into a 100-m horizontal injection 

well buried approximately 1.8-m below the surface.  The release pipe is divided into six 

sub-regions, called zones, each with its own release rate control point.  This division 

allows different release rates in different zones and it helps to homogenize the gas release 

along the length of the pipe when all release rates are the same.  Initial release rates were 

chosen to simulate a 54 tons/day loss from a 1-km by 70-m fault.  Scaling this leak rate to 

the dimensions of the release pipe at the ZERT site resulted in a 0.54 ton/day loss from 

the 100-m pipe.  The end release rate was chosen to be 0.3-ton/day for the initial field 

experiment [24].  Subsequent release experiments have further reduced the leak rate, 

which helps determine leakage threshold levels at which the technologies being tested are 

effective, and at what point CO2 release effects may go unnoticed.  A local coordinate 

system with an origin at the center of the release pipe provides reference for researchers 

to use while gathering and analyzing data from the release.  CO2 surface flux 

measurements taken during previous experiments have shown that the gas does not arrive 

in the atmosphere distributed uniformly along the length of the pipe; rather several 

localized regions of high flux are observed [24]. 

The multi-spectral imagers were deployed to a specific region of the test field 

known as the plant block.  The plant block is an area of vegetation that is cordoned off 

from the rest of the field and reserved for plant research.  Unlike the rest of the field, the 

vegetation test area remains un-mown unless mowing is specifically required for an 
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experiment.  Our remote sensing research has mown a portion of the vegetation test area 

during previous deployments for a comparison of the effects of CO2 between mown and 

un-mown vegetation.  The plant block is approximately 20-m squared and is bisected by 

the release pipe.  Figure 23 shows a general layout plant block at the ZERT field site. 

 

 

Figure 23: Vegetation test area layout.  The imagers are situated atop the scaffolding, viewing across the 
release pipe. 

 

The scaffolding that houses the imaging instruments is removed approximately 

three meters from the pipe, and the imagers are situated such that the release pipe runs 

horizontally through the image.  The three-meter-tall scaffolding provides enough height 

for our imagers to view all the vegetation from the pipe out to the edge of the test area.  

This field-of-view purposely includes vegetation well removed from the release pipe, 

which is used as a reference during data processing, representing vegetation unaffected 

by released CO2.  The field-of-view also includes a portion of the observed CO2 hot spot 
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which displays the most dramatic effects of the released CO2 on the vegetation.  

Typically, by the end of a release, the CO2 hot spots are visible as nominally circular 

patches of completely dead vegetation.  Figure 24 shows these hot spots observed near 

the end of the 2009 release. 

 

 

Figure 24: Visible hotspots near the end of the 2009 release 

 

The 2009 Release 
 
 

The MS3100 imaging system was the only imager deployed for this research to 

the 2009 release.  The PixeLink system was still under development at that time.  The 

2009 release spanned 28 days beginning on July 15th, and ending on August 12th.  The 

release rate for this experiment was 0.2 tons/day.  The MS3100 system gathered 182 GB 

of data over a total of 47 days.  The gas release began on the eighth day of data 

collection, and collection continued for 14 days following the end of the release.  Half of 
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the vegetation test area was mown for this release, and half was left un-mown.  The CO2 

hot spot was located in the un-mown section near the easternmost edge of the test area.  

Figure 25 shows a sample field-of-view for the MS3100 imager during this deployment. 

 

 

Figure 25. MS3100 field-of-view during 2009 release experiment 

 

This field experiment was busy, with researchers from all over the country 

participating.  Despite the number of experiments that focused on the vegetation in the 

plant block, there was little to no induced stress on the vegetation involved in the imaging 

project.  The primary concern for preserving experiment integrity is limiting the amount 

of foot traffic in and around the vegetation.  As we haven‟t found different sources of 
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stress to be distinguishable from one another, it is important that extraneous stressors be 

kept from the vegetation test area. 

Weather plays an important role in the response of the vegetation throughout the 

course of the deployment.  As previously mentioned, the spectral changes of stressed 

vegetation has not been found to be unique during data analysis, so factors such as 

temperature, rainfall, soil moisture, etc. must be considered as stressors in addition to the 

released CO2.  The rainfall events leading up to, during, and following the release are 

shown in Figure 26. 

 

 

Figure 26: 2009 summer rainfall events 
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The 2010 Release 

 
 

The 2010 release was the first experiment where both the MS3100 and PixeLink 

systems were deployed simultaneously.  This release spanned 27 days from July 19th to 

August 15th, and had a release rate of 0.15 tons/day.  Each imager had a similar field-of-

view, which was slightly different than that of the 2009 deployment.  The viewing angle 

of the systems during the 2010 release was increased from about 40° to about 45°, 

allowing closer monitoring of vegetation nearer the expected hot spot.  Figure 27 shows 

the instruments deployed to the 2010 release.  The two multi-spectral systems were 

located inside the white box and looked through the two viewing ports on the front of the 

enclosure.  Also pictured in this figure are a FLIR thermal infrared camera trained on the 

hot spot for 24-hour data collection, and a Stardot NetCam SC webcam.  Data from the 

webcam is inspected in the analysis section of this paper for use in determining whether 

or not plant stress is detected using NDVI before it is visible to the naked eye. 
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Figure 27. Instrument deployment configuration at 2010 release. 

 

During the 2010 release, the MS3100 system gathered a total of 206 GB, and the 

PixeLink system gathered 3.56 GB.  There is a large difference between the storage 

amounts from the two imagers for several reasons.  First, the PixeLink system was only 

recording images for two channels (NIR and red), while the MS3100 recorded three 

images per data point (NIR, red, and green).  Additionally, the MS3100 acquired a 

significantly larger number of images because its acquisition interval was shorter than the 

PixeLink system.  However, the PixeLink system performed more reliably, so the capture 
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interval was reduced.  The effective MS3100 interval was higher because it struggled to 

consistently gather images.  To ensure enough data points were gathered, the interval was 

reduced so it was active more of the time.  In the end, this resulted in a larger number of 

images being recorded, but with gaps between groups of images.  Finally, the PixeLink 

system writes data from the MATLAB environment to disk as structure elements in MAT 

files.  The data is compressed when saved, resulting in further storage size reduction. 

As was shown for the 2009 release, Figure 28 shows the rainfall events observed 

for June through August of 2010.  There was considerable precipitation during June and 

into early July, but there was a dry spell through the first half of the release.  This is 

noteworthy because effects due to the vegetation drying out would be coincident with and 

indistinguishable from effects of the released CO2. 

 

 

Figure 28: 2010 summer rainfall events 
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In both the 2009 and 2010 release experiments, the imaging systems were 

deployed a few days in advance of the start of the release and for several days after the 

end of the release to gather pre- and post-release data.  This provides foreground 

information on the state of the vegetation prior to the release, and monitors for any 

vegetation health rebound trends after the injection of CO2 is stopped. 

There is certainly a set of pros and cons associated with using a near-surface, 

stationary imaging system for leak detection.  One of the biggest advantages of this 

approach over satellite or airborne observations is the increase in temporal resolution 

allowed by a statically deployed imager.  Whereas airborne platforms may only make one 

measurement each day, a stationary imager can provide a continuous stream of 

observations during sunlight hours.  Additionally, the cost associated with flight time is 

removed in a surface-based deployment.  Another potential benefit of the near-surface 

system is the higher spatial resolution of the measurements.  This is considered a 

potential benefit because, as will be discussed in the data analysis portion of this paper, 

much of the processing involves spatial averaging to mitigate changes observed due to, 

for example, vegetation moving in the wind.  Even though the higher-resolution images 

are available, often times spatial averaging is performed, effectively reducing the spatial 

resolution of the data. 

Airborne or satellite platforms have the unique advantage of observing a much 

larger area than a surface system.  This is particularly useful in monitoring large 

sequestration sites where a leak may occur away from the primary injection point as a 

result of the complexity of a storage site‟s subsurface geological features.  Airborne 
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imagers gather lower-spatial-resolution data, but over much larger regions.  As 

mentioned, flight-related costs limit the frequency at which flights can be performed.  A 

flight based system may gather a handful of images per day while a ground-based imager 

can collect many more images throughout the day. 

The simultaneous deployment of the two imagers provided the ability to compare 

the performances of the systems to see how closely their measurements correlated.  This 

also allowed the effectiveness of improvements incorporated in the new system to be 

directly observed.  Analysis of the data collected during these experiments incorporated 

time-series trends and spectral classification techniques to search for the best methods for 

using multi-spectral images to detect vegetation stress associated with exposure to CO2.  
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DATA ANALYSIS AND RESULTS 

 
 

This experiment is based on the hypothesis t that CO2 leaking from an 

underground source causes observable changes in the reflectance properties of overlying 

vegetation.  The experiment setup for the 2009 release was similar to that of the 2008 

release, which served as a means of validating experimental results, and provided a good 

introduction to operating an instrument throughout an extended field deployment.  The 

personal experience gained in 2009 aided in the simultaneous deployment of two systems 

in 2010, and concurrent development of the PixeLink system allowed observed MS3100 

design drawbacks to be improved in the new system. 

Data analysis focused on establishing the existence of and examining differences 

between the time-series trends in reflectance and NDVI for control and hot spot 

vegetation.  This analysis continued from previous work, which analyzed three regions of 

varying distance from the release pipe to determine response differences as distance from 

the pipe increased (Rouse, et al., 2010).  Based on the observed nature of induced stress, 

the 2009 time-series analysis reduced the number of regions to two: one region that 

included hot spot vegetation, and a second region near the far edge of the plant block that 

was used as control vegetation.  This analysis seeks to validate previous experimental 

results by demonstrating that vegetation exposed to high soil CO2 concentrations is 

statistically separable from control vegetation in multi-spectral reflectance images.  

Additionally, this analysis serves as a basis for comparison of the MS3100 instrument 

with the PixeLink system.  The simultaneous operation of both systems during the 2010 
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experiment allowed a comparison of 2010 results to previous experiments, in addition to 

a comparison of system performance and results between the two instruments.  For each 

of the 2010 data sets, analysis again used a control region and hot spot region to estimate 

the effects of exposure to the released gas.  Several exploratory analysis tools were 

developed to visualize data trends through the course of the release and to aid in 

instrument comparison. 

Prior to analysis, the data were extensively filtered to reduce the number of 

images to a workable set.  This filtering process included removal of images with people 

in the test area, occlusion of or debris on the calibration panel, rain on the observation 

window, over- or under-exposure, etc.  In an effort to further reduce the data set, a study 

was performed to determine if there was a particular time of day that was best for data 

collection.  For several days, data were plotted against solar zenith angle to identify 

significant trends in reflectance values with varying illumination angle.  Morning and 

afternoon data points were separated using a two-level categorical variable with values 

„morning‟ and „afternoon‟.  No red or near-infrared reflectance trends with varying 

illumination angle were observed in the selected data.  However, it was observed that the 

reflectance data, and by extension the NDVI data, were much more variable in the 

morning than in the afternoon.  To quantify and further investigate this observation, the 

mean and standard deviation for morning and afternoon were calculated on a pixel-by-

pixel basis.  This resulted in a set of images showing morning variability and afternoon 

variability.  Figure 29 shows the morning and afternoon variability for the data collected 

by the MS3100 on 10 July 2010.  The same study was performed using data from the 
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PixeLink system from the same day, which verified the effect was observed by both 

systems. 

 

 

Figure 29: Morning and afternoon images of standard deviation for 10 July 2010 

 

Though high reflectance variability occurred on several mornings, it wasn‟t 

present in every day examined.  Several factors were considered in determining the cause 

of the high variability on some mornings compared to the afternoon.  Hypotheses for this 

include the time-variable solar azimuth angle and the spatially variable bidirectional 

reflectance distribution function (BRDF).  Asymmetrical azimuth illumination angles 

between morning and afternoon may explain the difference in variability, but the imagers 
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were deployed looking nominally due north, and the solar azimuth angles were 

approximately symmetric in morning and afternoon. 

A more promising hypothesis for explaining the variability is the presence of a 

thin layer of dew on the vegetation canopy in the morning hours.  Since this variability 

was discovered during post-processing, the thought to record observations of dew during 

the experiment came too late.  The presence of thin layers of moisture on a vegetation 

canopy results in highly complex bidirectional reflectance behavior [26].  This study 

shows that red reflectance in the band of interest to this research tends to increase as dew 

on vegetation increases, while near-infrared reflectance remains nearly unaffected.  

Additionally, the study shows that both reflectance bands tend to be variable at large 

solar zenith angles, and stabilize from late morning to late afternoon.  Based on this 

evidence, the decision was made to further reduce the dataset to include strictly afternoon 

observations, and a single daily image was obtained by averaging afternoon data for each 

day.  Temporal averaging of afternoon images helps reduce noise caused by motion in the 

image due to wind, as has been previously mentioned. 

The daily averaging of the data was performed on the reflectance images after 

calibration.  To calibrate the reflectance images, the Spectralon region was masked in the 

image, and the average pixel value was calculated for this region.  Next, the digital 

number of each non-Spectralon pixel was divided by the average Spectralon digital 

number.  Lastly, this ratio was multiplied by the corresponding known reflectance of the 

Spectralon panel to result in a reflectance image.  The following steps show the 

calibration procedure for reflectance images: 
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                                            (10) 

 

                                          (11) 

 

                                             (12) 

 

                                  (13) 

 

                                                       (14) 

 

Visually, calibrated and un-calibrated images appear the same.  The pixel values 

for a calibrated image are between 0 and 1, and correspond to a decimal percent 

reflectance value.  Figures 30, 31 and 32 show example calibrated reflectance images and 

the corresponding NDVI image for the MS3100 imager during the 2009 release. 
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Figure 30: Example MS3100 near-infrared reflectance image from 2009 release 

 

 

Figure 31: Example MS3100 red reflectance image from 2009 release 
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Figure 32: Example MS3100 NDVI image from 2009 release 

 

Exploratory data analysis played an important role in identifying interesting 

aspects of this project, including the morning reflectance variability, and in formulating 

potential approaches to implementing a practical CO2 leak detection technique.  Time-

series trends in reflectance and NDVI were important in distinguishing the responses of 

vegetation in different areas of the vegetation test area.  To diverge from previous 

analyses, and to take advantage of the high-resolution images that had been gathered, 

pixel-by-pixel linear regressions for red reflectance, near-infrared reflectance, and NDVI 

versus experiment day were calculated.  The regressions performed used Equations 15, 

16, and 17 to determine the slope and intercept coefficients for each image pixel. 

 

                                                 (15) 
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                                                 (16) 

 

                                                 (17) 

 

This analysis allowed the slope or intercept coefficients of the models to be 

displayed as visual images, which immediately revealed trends in different spatial areas.  

In fact, the coefficient images closely mirrored the multi-spectral images as features such 

as the calibration target, the edge of the vegetation area, the hot spot and several high-

traffic stress areas were clearly identifiable.  Examples of NDVI intercept coefficient 

images for the 2010 MS3100 and PixeLink data are displayed in Figure 33.  These 

images proved useful in comparing the performance of the two instruments.  An 

interactive, graphical interface was created for the purpose of comparing data between 

the MS3100 and PixeLink systems.  In addition to the two intercept coefficient images, 

this user interface displayed three plots: two for the reflectance data and one for 

displaying NDVI.  Figure 33 shows this user interface with populated reflectance and 

NDVI plots. 
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Figure 33: Screenshot of instrument comparison graphical user interface with populated reflectance and 
NDVI time-series plots 

 

By clicking on a pixel on one of the coefficient images, the time-series plots of 

red reflectance, near-infrared reflectance, and NDVI for the selected instrument were 

populated in the corresponding figure axes.  Subsequent selection of a pixel from the 

same area on the second instrument would plot the reflectance and NDVI data on the 

same plots, thereby allowing direct observation of how well the two instruments agreed. 

The integration-time control loop also was targeted for improvement in the new 

system.  To demonstrate the performance difference of the two control loops, the number 

of images included in the calculation of each daily average was plotted for the duration of 

the deployment.  Figure 34 demonstrates that the PixeLink imager was able to acquire a 
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temporally more stable number of images than the MS3100.  Some variation was 

introduced in both imaging systems when they were shut down early due to weather or 

other circumstances that prevented system operation.  This plot omits days when no 

images were acquired. 

 

 

Figure 34: Plot showing the number of images acquired each day for each system 

 

The most noteworthy difference to observe between the two data sets is the much 

higher variability of the MS3100 relative to the PixeLink camera.  Whereas the MS3100 

spends more time adjusting exposure times, the PixeLink system efficiently captures 

images at the specified intervals.  The variability in the number of images taken per day 

equates to lack of dependability, as the system cannot be counted on to capture images at 
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specified times.  This is not overly troublesome in the analysis presented here because the 

time basis for the analysis is on the order of days rather than minutes or seconds, 

although the more consistent number of measurements by the PixeLink system results in 

greater statistical power in the subsequent analysis.  The plot of Figure 34 clearly 

demonstrates the improved performance of the PixeLink system control loop. 

A rigorous statistical approach was taken in arguing the ability of these 

instruments to distinguish differences between control vegetation and vegetation exposed 

to CO2.  A two-level categorical variable was defined that was used to distinguish control 

vegetation from hot spot vegetation.  Control and hot spot pixels were masked from the 

original images and averaged to obtain single daily reflectance and NDVI values.  The 

explanatory variables included in the statistical analysis were red reflectance, near-

infrared reflectance, and NDVI.  The response variable was taken to be time, expressed 

as an experiment day number, with the first day of deployment representing day one, and 

the final day of deployment representing the highest day number.  The use of a 

categorical variable to distinguish the two regions of interest allows the estimates of the 

standard errors to be pooled, which yields more acceptable confidence levels of model 

performance. 

 
Statistical Model 

 
 

The generalized model for analyzing the data is shown in Equation 18. 

 

    (18) 
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where HS, as defined in Equation 19, is the categorical variable used to separate control 

and hotspot vegetation. 

 

                                           (19) 

 

For control vegetation, Equation 18 reduces to Equation 20. 

 

                           (20) 

 

For hotspot vegetation, Equation 18 evaluates as shown, but the model parameters can be 

grouped to help demonstrate the relationship between the two responses.  The hotspot 

response is modeled as an additive effect to the control vegetation as seen in        

Equation 21. 

 

     (21) 

 

The statistical significances of the response differences between control and hotspot 

vegetation is represented by the p-values corresponding to the model coefficients , , 

, and .  A p-value less than or equal to 0.05 justifies inclusion of the corresponding 

parameter in the statistical model. 
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In addition to presenting results of the full models, for each data set individual 

models for red reflectance, near-infrared reflectance, and NDVI are also presented.  This 

simplifies visualization of the data as plotting for multiple regression is less 

straightforward than for a simple regression.  These models are of the forms shown in 

Equations 22, 23 and 24. 

 

                              (22) 

 

                                (23) 

 

                           (24) 

 

The fundamental data characteristics required for this analysis to properly 

estimate the values and confidence levels of model parameters include normally 

distributed observation populations, a linear relationship between observation means and 

explanatory variables, equal observation variances, and independence of observation 

errors [27].  The normal distribution requirement was checked for the reflectance data by 

visually inspecting histogram plots.  It is assumed that the response and explanatory 

variables are linearly related.  These assumptions are subsequently tested through 

inspection of the residuals yielded by the model. 

After running the regressions, tests were performed to detect the presence of serial 

correlation in the residuals.  The procedure used to accomplish this is outlined in [27] and 
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summarized here for convenience.  Serial correlation arises in time-series data where the 

residuals for temporally adjacent samples are more likely to be similar in value.  Though 

the observed time-series residuals may be normally distributed, their correlation in time 

can lead to an underestimation of standard error for the full-run time series being 

modeled [27].  This underestimation of standard error results in an overstatement of 

confidence levels in the model.  A simple multiplicative correction to the model standard 

error helps to account for this effect.  In particular, the p-value of the observed F-statistic 

is affected by the change in standard error while the significance levels of the individual 

model parameters remain the same.  Equations 25, 26 and 27 were used to calculate the 

serial correlation coefficient, r1, for any models suspected of suffering from the effects of 

serial correlation [27]. 

 

                                                         (25) 

 

                                     (26) 

 

                                             (27) 

 

Where the results of these calculations supported application of a standard error 

correction, Equation 28 was used to calculate the corrected standard error. 
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                                                (28) 

 

After calculating the corrected standard error, new F-statistics and corresponding p-

values were determined.  The corrected F-statistic can be quickly calculated using 

Equation 29. 

 

                           (29) 

 

MS3100 Data Analysis from the 2009 Experiment 
 
 

Simple regression models were fit separately for each of the explanatory 

variables.  This allowed for inspection of data trends and discussion of individual 

response differences between control and hotspot vegetation for each variable.  In the 

2009 release, experiment day number 9 corresponds to the start of the release, and 

experiment day number 37 corresponds to the end of the release.  The first model 

analyzed had the form of Equation 22.  Figure 35 shows the control and hotspot red 

reflectance observations for the 2009 release along with linear fit lines. 

 



72 

 

 

Figure 35: 2009 MS3100 red reflectance data.  This plot shows control and hotspot time-series with fit 
lines.  The vertical lines denote beginning and end of CO2 release. 

 

The increasing trends in red reflectance for the vegetation are expected, and 

correspond to the flattening of the reflectance spectrum as vegetation becomes stressed.  

The increase in control vegetation red reflectance is attributed to seasonal stresses of the 

plants while differences between the control and hotspot trends are attributed to the 

effects of CO2 (this claim is only supported by intimate knowledge of the experiment and 

not rigorously substantiated using statistical tools).  Table 5 summarizes the results of this 

model.  The data and fit lines were plotted as reflectance versus experiment day, but the 

regression was performed as day versus reflectance.  Regression was performed this way 

because experiment day is the only quantity that makes sense as a response variable in a 

regression including all reflectance and NDVI data.  The data is plotted as shown because 

it is more intuitive when describing data trends over the course of the experiment. 
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Table 5: Red reflectance regression summary. 

Day vs. Red Reflectance Regression Summary 

Description Parameter Estimate Standard Error t-statistic Two-sided p-value 

Control 
Intercept 

 -8.735 4.009 -2.179 0.03 

Control Red 
Slope 

 380.539 40.217 9.462 <0.01 

Hotspot 
Intercept 

 -14.421 6.398 -2.254 0.03 

Hotspot Red 
Slope 

 45.133 57.246 0.788 0.43 

 

 

The F-statistic for the multiple regression is used to determine if there is enough 

evidence to reject a reduced model.  Rejection of a reduced model demonstrates the 

benefit of including additional parameters in the regression model.  The additional 

parameters, in the case of this analysis, are those that distinguish hotspot vegetation 

responses from the control vegetation.  This red reflectance model had an F-statistic of 

64.62 on 3 and 90 degrees-of-freedom with a p-value of less than 0.01.  This small p-

value, which represents the probability of selecting an F-statistic as large as or larger than 

the one produced by the model by chance, is a strong argument for rejecting a reduced 

model.  The large p-value of the β3 term provides no evidence of a difference in slopes of 

red reflectance for the control and hotspot vegetation during the release.  The higher 

significance of the hotspot offset term, β2, suggests that an initial offset between the 

control and hotspot regions is important to defining the difference between the responses.  

In the context of this experiment, this means that the difference between the red 

reflectance in the two regions is explained by an initial offset rather than deviation in 
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trends as exposure to CO2 increased.  The residuals for this model are plotted in      

Figure 36. 

 

 

Figure 36: 2009 MS3100 red reflectance residuals. 

 

Trends in the residuals reveal the presence of serial correlation.  Adjacent 

residuals that tend to have similar signs are said to be positively correlated, while those 

that tend to have opposite signs are said to be negatively correlated.  The ideal residual 

set is randomly distributed about a zero mean value.  Table 6 summarizes the results of 

the correlation calculations performed on the red reflectance model residuals including 

the corrected F-statistic and associated p-value.  Though serial correlation is present, the 

significance of the model remains high after taking it into account. 
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Table 6: Red reflectance serial correlation analysis summary. 

Red Reflectance Serial Correlation Summary 

Correlation 

Coefficient r1 

Original 

F-stat 

Original p-value Corrected 

F-stat 

Corrected p-value 

0.5839 66.24 < 0.01 33.95 <0.01 
 

 

Near-infrared reflectance data was analyzed similarly to the red reflectance data.  

The model used for this data is shown in Equation 23.  Figure 37 shows the data points 

along with the regression lines.  As the vegetation dies, a decreasing trend is expected 

and observed in the near-infrared reflectance data, which again corresponds to the 

flattening of the vegetation reflectance spectrum as plants become stressed. 

 

 

Figure 37: 2009 MS3100 near-infrared reflectance data.  Plot shows control and hotspot time-series with fit 
lines.  Vertical lines denote beginning and end of CO2 release. 
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Regression coefficients for this model are summarized in Table 7. 

 

Table 7: 2009 MS3100 near-infrared reflectance regression summary. 

Day vs. Near-Infrared Reflectance Regression Summary 

Description Parameter Estimate Standard Error t-statistic Two-sided p-value 

Control 
Intercept 

 62.76278 18.93 3.316 <0.01 

Control NIR 
Slope 

 -54.67 28.91 -1.891 0.06 

Hotspot 
Intercept 

 66.00 25.24 2.615 0.01 

Hotspot NIR 
Slope 

 -163.85 45.91 -3.569 <0.01 

 

 

All parameters in this model except for the near-infrared slope for the control 

region were found to be significant.  This indicates that over the course of the 

experiment, both control and hotspot vegetation near-infrared reflectance declined, and 

that there was a significant difference between the trends for each region.  The model R2 

value was 0.31, meaning that the model explains 31% of the variability observed in the 

data.  The adjusted R2 value was slightly lower at 0.29.   In the context of the experiment, 

this relatively small R2 suggests that factors other than passage of time have an effect on 

the near-infrared reflectance, which is to be expected, especially since the vegetation 

under test is in an uncontrolled environment.  Figure 38 shows the residuals associated 

with this model. 
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Figure 38: 2009 MS3100 near-infrared reflectance residuals. 

 

The clear linear trend in the residuals demonstrates that serial correlation is 

strongly present in the data.  The model‟s F-statistic of 13.7 on 3 and 90 degrees-of-

freedom yielded a p-value of <0.01, which sufficiently rejects simple linear regression as 

an adequate model for the near-infrared data and justifies separation of the data by 

region.  However, it is important to adjust this p-value for the effects of the serial 

correlation.  Table 8 shows the original F-statistic and corresponding p-value along with 

the serial correlation coefficient and adjusted F-statistic and p-value.  There is still 

adequate evidence for rejecting the null model after correcting for serial correlation. 
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Table 8: 2009 MS3100 near-infrared reflectance serial correlation analysis summary. 

NIR Reflectance Serial Correlation Summary 

Correlation 

Coefficient r1 

Original 

F-stat 

Original p-value Corrected 

F-stat 

Corrected p-value 

0.8285 13.7 < 0.01 4.196 < 0.01 
 

 

A more interesting analysis looks at the trends in plant health, as measured by 

NDVI, just as was done separately for the red and near-infrared reflectance.  NDVI is 

considered an interaction term as it is comprised of a combination of the red and near-

infrared reflectance values.  Equation 24 shows the model used in this analysis.       

Figure 39 shows the NDVI data points collected during the 2009 release along with the 

best-fit trend lines calculated by the model. 

 

 

Figure 39: 2009 MS3100 NDVI data.  Plot shows control and hotspot time-series with fit lines.  Vertical 
lines denote beginning and end of CO2 release. 
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Table 9: 2009 MS3100 NDVI regression summary. 

Day vs. NDVI Regression Summary 

Description Parameter Estimate Standard Error t-statistic Two-sided p-value 

Control 
Intercept 

 185.08 9.59 19.299 < 0.01 

Control NDVI 
Slope 

 -209.84 12.69 -16.539 < 0.01 

Hotspot 
Intercept 

 -80.65 10.75 -7.504 < 0.01 

Hotspot NDVI 
Slope 

 80.62 14.99 5.379 < 0.01 

 

 

The results of this model present evidence of a statistically significant difference 

in response between hotspot and control vegetation NDVI over the course of the 

experiment.  The R2 value for this model of 0.86 shows that the model explains the 

variability of the data well and a p-value of less than 0.01 again supports inclusion of the 

categorical variable to separate hotspot from control vegetation.  Figure 40 presents the 

residuals associated with the NDVI model. 
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Figure 40: 2009 MS3100 NDVI residuals. 

 

As done previously, an analysis of the residuals to determine serial correlation 

was performed.  A correlation coefficient of 0.76 demonstrates that the observations are 

strongly serially correlated.  Adjustment for the correlation does not reduce the 

significance of the model. 

 

Table 10: 2009 MS3100 NDVI serial correlation analysis summary. 

NDVI Serial Correlation Summary 

Correlation 

Coefficient r1 

Original 

F-stat 

Original p-value Corrected 

F-stat 

Corrected p-value 

0.7624 178.6 < 0.01 65.582 < 0.01 
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The full regression model of Equation 18 was reduced using a forward/backward 

stepwise multiple linear regression.  Analysis was performed using the red reflectance, 

near-infrared reflectance, and NDVI variables for both processing regions.  This stepwise 

technique iteratively adds and subtracts explanatory variables to or from regression 

models to arrive at a result which best explains the variability of the response variable.  

By removing explanatory variables whose regression coefficients are insignificant at a 

0.05 significance level, the stepwise regression technique arrives at a model which 

contains only the explanatory variables that are most useful in explaining variability, and 

which minimize the residual sum of squares of the model.  The explanatory variables 

remaining after performing the stepwise regression analysis are depicted in Table 11 

below.  After accounting for near-infrared reflectance and NDVI for both the hotspot and 

the control regions, red reflectance was not found to be particularly useful in explaining 

remaining variability and thus was not included in the model.  These results indicate that 

the control and hotspot vegetation regions are statistically separable using the near-

infrared reflectance and NDVI data. 
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Table 11: 2009 MS3100 reduced model regression summary. 

Reduced Model Summary 

Description Parameter Estimate Standard Error t-statistic Two-sided p-value 

Control 
Intercept 

 233.5158 11.2155 20.8209 < 0.01 

Control NIR 
Slope 

 -69.3234 11.1530 -6.2157 < 0.01 

Control NDVI 
Slope 

 -214.2028 10.6946 -20.0290 < 0.01 

Hotspot 
Intercept 

 -125.0096 13.0610 -9.5712 < 0.01 

Hotspot NIR 
Slope 

 51.6334 25.5824 2.0183 0.05 

Hotspot NDVI 
Slope 

 91.9250 15.5237 5.9216 < 0.01 

 

 

The R2 and adjusted R2 were both approximately 0.9, which indicates that the 

model is able to explain 90% of the observed variability in the response variable.  This 

combined with a large F-statistic of 159.3 on 5 and 88 degrees of freedom (p-value < 

0.01) present strong evidence in favor of using this model over a null model.  Although 

the red reflectance data is eliminated from the model as an explanatory variable, it still 

must be measured for the purpose of calculating the NDVI.  Figure 41 below shows the 

hotspot and control region residuals for this model.  Equation 30 depicts the reduced 

model. 

 

      (30) 
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Figure 41:  2009 MS3100 reduced model residuals 

 

The residuals for the control region are generally much smaller than those of the 

hotspot vegetation.  Both residuals exhibit some evidence of the presence of serial 

correlation, but the hotspot vegetation clearly shows a tendency to experience extended 

runs above or below the predicted model values.  The effect of this serial correlation can 

be calculated, but with such a large F-statistic it is not expected to change to significance 

of the model.  In fact, it may be argued that runs in the residuals exist as a result of 

exposure to CO2, as the divergence from the expected behavior of vegetation is likely 

caused by unnatural influences.  This model supports the hypothesis that there is a 

detectable and statistically significant difference in the spectral responses between control 

vegetation unaffected by injected CO2, and hotspot vegetation that experiences very high 

concentrations of the gas at the root level. 
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MS3100 Data Analysis from the 2010 Experiment 

 
 

An identical analysis to that performed on the 2009 data was performed on the 

2010 data.  The results of the analysis are presented in the same order, and the models 

used in the analysis are the same as those presented previously.  The calculations for 

serial correlation were not performed on the 2010 MS3100 data because of the number of 

gaps present in the data.  Several days early in the experiment were removed as outliers 

because the measurements were clearly erroneous.  Cause of the bad measurements was 

undetermined, but the dramatic changes represented by the outliers were neither visually 

observed nor independently measured by the PixeLink system. 

The hotspot vegetation is of particular interest to a number of other research 

groups conducting experiments during the summer release.  Despite efforts to limit the 

amount of foot traffic and activity near the hotspot, there was a large amount of pressure 

on the vegetation throughout the experiment.  Other research techniques are highly 

destructive compared to our imaging application, and human presence near the hotspot 

had noticeable effects on the vegetation under study.  This extra stress was far more than 

observed in previous experiments, and must be considered in interpreting the results of 

the 2010 data model results.  Figure 42 illustrates the field-of-view of the MS3100 

imager during the 2010 release using an NDVI image. 
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Figure 42: 2010 MS3100 example NDVI image.  Labeled regions indicate control and hotspot pixels used 
in analysis. 

 

The analysis of the 2010 data begins again with the red reflectance data.  For the 

2010 data, the start of the release is on experiment day number 11 and the end is on 

experiment day number 35.  Figure 43 shows the red data along with the fit lines 

produced by the model of Equation 22. 
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Figure 43: 2010 MS3100 red reflectance data.  Plot shows control and hotspot time-series with fit lines.  
Vertical lines denote beginning and end of CO2 release. 

 

As observed in 2009, the red reflectance exhibited increasing trends over the 

course of the experiment, but unlike the 2009 results, moderate evidence was found for a 

difference in control and hotspot slope terms.  No evidence was found for a difference in 

initial offset of red reflectance between the two regions, as shown by the large p-value for 

the hotspot offset term.  This means that the control and hotspot vegetation essentially 

started the experiment with the same red reflectance, but the hotspot reflectance increased 

faster than the control reflectance.  These results are summarized in Table 12. 
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Table 12: 2010 MS3100 red reflectance regression summary. 

Day vs. Red Reflectance Regression Summary 

Description Parameter Estimate Standard Error t-statistic Two-sided p-value 

Control 
Intercept 

 -6.163 4.244 -1.452 0.15 

Control Red 
Slope 

 244.765 28.553 8.572 < 0.01 

Hotspot 
Intercept 

 -4.887 7.264 -0.673 0.50 

Hotspot Red 
Slope 

 -78.981 37.440 -2.110 0.04 

 

 

Visual inspection of the data shows a fast increase in reflectance to an apparent 

mean value of around 25% between experiment days 10 and 20 (recall, the release began 

on day 11).  After day 20 the red reflectance oscillates about the mean, but no significant 

trends are observed.  This behavior corresponds to vegetation that is extremely stressed or 

dead.  The control vegetation shows a more natural reflectance trend throughout the 

experiment.  The F-statistic for this model was 40.12 (3 and 66 degrees-of-freedom) with 

a negligibly small p-value.  Based upon results of the 2009 analysis adjustment for serial 

correlation would not be expected to cause significant changes in the significance of the 

model.  The uncorrected R2 was 0.65. The residuals are shown in Figure 44. 
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Figure 44: 2010 MS3100 red reflectance residuals. 

 

Analysis of the near-infrared reflectance revealed no statistically significant 

evidence of a difference between trends for control and hotspot vegetation.  The near-

infrared observations tended to be highly variable in this release and lacked clear trends.  

An associated R2 of only 0.13 shows that a linear model does not explain much of the 

observed variability. 
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Figure 45: 2010 MS3100 near-infrared reflectance data.  Plot shows control and hotspot time-series with fit 
lines.  Vertical lines denote beginning and end of CO2 release. 

 

Table 13: 2010 MS3100 near-infrared reflectance regression summary. 

Day vs. Near-Infrared Reflectance Regression Summary 

Description Parameter Estimate Standard Error t-statistic Two-sided p-value 

Control 
Intercept 

 68.02 15.37 4.426 < 0.01 

Control NIR 
Slope 

 -60.40 23.02 -2.624 0.01 

Hotspot 
Intercept 

 -13.86 21.53 -0.644 0.52 

Hotspot NIR 
Slope 

 13.78 35.24 0.391 0.70 

 

 

Trends in the model‟s residuals shown in Figure 46 provide very strong evidence 

that this data set suffers from serial correlation.  The p-value associated with this model 

was only 0.03 which provides only weak evidence for the usefulness of the model.  
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Adjustment of the F-statistic to account for the observed serial correlation, especially 

with the amount observed in the residuals, would likely increase the p-value to where 

insufficient evidence is provided to reject the reduced model.  Again, the serial 

correlation calculations were not performed because results would be inaccurate given 

the gaps present in the data as the correlation coefficient relies on adjacent residuals in its 

calculation. 

 

 

Figure 46: 2010 MS3100 near-infrared reflectance residuals. 

 

NDVI calculations tend to reduce the variability observed in the reflectance data 

and provide smoother trends throughout the experiment.  Figure 47 is a good example of 
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this, as the decreasing trends for hotspot and control vegetation are clearly evident.  This 

model shows strong evidence of a difference in response between hotspot and control 

vegetation. 

 

 

Figure 47: 2010 MS3100 NDVI data.  Plot shows control and hotspot time-series with fit lines.  Vertical 
lines denote beginning and end of CO2 release. 

 

This analysis found significantly different slope and offset terms for the hotspot 

NDVI.  As previously mentioned, declining NDVI is commonly interpreted as a 

reduction in plant health, or alternatively an increase in plant stress.  Though the source 

of the stress cannot be explicitly identified, knowledge of the experiment permits, to 

some degree, suggestion that the observed response differences are attributable to CO2.  

Table 14 summarizes the results for this model. 
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Table 14: 2010 MS3100 NDVI regression summary. 

Day vs. NDVI Regression Summary 

Description Parameter Estimate Standard Error t-statistic Two-sided p-value 

Control 
Intercept 

 108.302 8.166 13.263 < 0.01 

Control NDVI 
Slope 

 -122.285 12.287 -9.952 < 0.01 

Hotspot 
Intercept 

 -51.116 9.256 -5.522 < 0.01 

Hotspot NDVI 
Slope 

 52.071 15.860 3.283 < 0.01 

 

 

These results show a statistically significant difference in NDVI offset between 

the two vegetation regions.  The lower initial value of the hotspot NDVI may be due to 

lingering effects from an early season release, or due to an observed increase in foot 

traffic in and around the hotspot near the beginning of the summer experiment.  The 

residuals pictured in Figure 48 exhibit some tendency to group together, but generally, 

serial correlation does not appear to be a substantial problem.  The residuals look to be 

randomly distributed about zero, particularly for the control vegetation.  The hotspot 

vegetation shows more correlation tendency especially following day 20.  The hotspot 

residual trend after day 20 coincides with the threshold response observed in the data as 

the NDVI reaches a minimum mean value around 0.35.  The R2 for this model was 0.69 

which is reasonably high.  This shows that a fair amount of NDVI variability is explained 

by the model.  The extremely small p-value of less than 0.01 is not expected to change 

greatly if adjustment for serial correlation were performed. 
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Figure 48: 2010 MS3100 NDVI residuals. 

 

A procedure identical to that described for the 2009 full model analysis was 

performed on the 2010 data collected by the MS3100 imager.  Though the instruments 

were deployed to the same location, and measured the same portions of the 

electromagnetic spectrum, the results of the stepwise procedure for variable selection 

yielded dramatically different results.  Whereas the red reflectance data was excluded 

from use in the 2009 data, everything but the red reflectance was excluded from the 2010 

data.  Many hypotheses as to why this is the case can be proposed, including different 

environmental conditions between years, an increase in foot traffic at the test site in 2010 

and so forth, but what hasn‟t changed between experiments is the fundamental behavior 
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of the vegetation reflectance, the overall type of vegetation at the experiment site, and the 

way the vegetation stress is manifested spectrally.  As a result, it seems more practical to 

look at the performance of the instrument itself and the quality of the data acquired and 

question the adequacy of the data set in explaining what really happened to the vegetation 

during the experiment.  A number of outliers were removed from the data set prior to 

analysis due to obvious malfunctions of the instrument.  It may be possible that more 

observation were erroneous but in a less obvious manner leading to difficulty in drawing 

conclusions using this statistical approach. 

 

Table 15: 2010 MS3100 reduced model regression summary. 

Reduced Model Summary 

Description Parameter Estimate Standard Error t-statistic Two-sided p-value 

Intercept  -9.1929 3.4178 -2.6897 0.01 
Control Red 
Slope 

 279.7531 25.1169 11.1380 < 0.01 

Hotspot Red 
Slope 

 -117.7176 14.6912 -8.0128 < 0.01 

 

 

The comparatively low R2 of 0.66 and adjusted R2 of 0.65 demonstrate that the 

model has some difficulty explaining a large amount of observed variability.  With this 

said, the F-statistic of 65.15 on 2 and 67 degrees of freedom (p-value < 0.01) still 

supports distinguishing the two regions through the use of the hotspot categorical variable 

rather than opting for the use of a single simple linear regression.  Figure 49 shows the 

residuals associated with this model. 
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Figure 49: 2010 MS3100 reduced model residuals. 

 

The large gap in the data between experiment day numbers 4 and 14 makes the 

calculation of the serial correlation coefficient impractical as it is a measure based 

partially upon the product of adjacent residual values.  The data points at the beginning of 

the experiment could be removed, but this would negatively affect the regression and 

would also be sacrificing important data regarding the initial state of vegetation for the 

experiment.  A visual inspection of the residuals does suggest the presence of serial 

correlation in the measurements, so it should also be considered that the model‟s F-

statistic may be smaller than first calculated. 
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PixeLink Data Analysis From the 2010 Experiment 

 
 

The data gathered by the PixeLink system was analyzed in the same way as the 

data from the MS3100, with red reflectance, near-infrared reflectance, and NDVI data 

being analyzed independently to examine trends during the experiment.  This also allows 

differences between model results to be identified and investigated if necessary.  As 

before, the red reflectance results are presented first.  The data were plotted as reflectance 

versus experiment day though the regression was performed as experiment day versus 

reflectance.  The PixeLink system data set was more continuous than that of the MS3100, 

which allowed better calculation of an adjustment for serial correlation.  Figure 50 shows 

the PixeLink system‟s field-of-view for the 2010 deployment using an example NDVI 

image. 

 

 

Figure 50: 2010 PixeLink example NDVI image.  Labeled regions indicate control and hotspot pixels used 
in analysis. 
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The red reflectance for both hotspot and control vegetation exhibited increasing 

trends during the experiment.  Figure 51 shows the data plotted with the trends lines 

produced by the statistical model.  This model provides more support for an initial offset 

between the two regions than the MS3100 model, and no evidence for a difference in 

slopes.  A parallel lines model appears adequate for modeling the behavior of the red 

reflectance data.  As previously mentioned, initial offsets at the beginning of the 

experiment may be due to lingering effects from an early season release experiment. 

 

Figure 51: 2010 PixeLink red reflectance data.  Plot shows control and hotspot time-series with fit lines.  
Vertical lines denote beginning and end of CO2 release. 

 

The hotspot red reflectance leveled off later, and at a lower reflectance value of 

around 0.18, than seen in the MS3100 data.  Trends in control region red reflectance are 

similar, though not identical.  The larger number of data points in the PixeLink dataset 

likely plays an important role in any observed differences between the numerical results 
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of the models.  Additionally, study of the datasets for systematic differences between the 

imagers may also help explain any observed differences.  The results of the model are 

summarized in Table 16. 

 

Table 16: 2010 PixeLink red reflectance regression summary. 

Day vs. Red Reflectance Regression Summary 

Description Parameter Estimate Standard Error t-statistic Two-sided p-value 

Control 
Intercept 

 -21.957 2.868 -7.657 < 0.01 

Control Red 
Slope 

 435.943 24.762 17.605 < 0.01 

Hotspot 
Intercept 

 -19.080 5.045 -3.782 < 0.01 

Hotspot Red 
Slope 

 -29.924 34.793 -0.860 0.39 

 

 

According to these results, there was fairly strong evidence of an initial offset in 

red reflectance between the two regions, as evidenced by the p-value of the β2 parameter.  

No statistical evidence was found to suggest a difference in hotspot and control slopes.  

The residuals for the model were plotted for assessment and shown in Figure 52.  As 

before, the residuals are inspected primarily for trends that may suggest strong influence 

by serial correlation, either positive or negative.  Regardless of visual presence, the serial 

correlation coefficient was calculated for each of the models, and a correction applied to 

the F-statistic and p-value. 
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Figure 52: 2010 PixeLink red reflectance residuals. 

 

There is some evidence of positive serial correlation present in the residuals plot 

for this model.  It appears that rather than being randomly distributed, adjacent residuals 

tend to have similar signs, indicating the presence of runs in the data.  Table 17 presents 

the results of the correction for serial correlation. 

 

Table 17: 2010 PixeLink red reflectance serial correlation analysis summary. 

Red Reflectance Serial Correlation Summary 

Correlation 

Coefficient r1 

Original 

F-stat 

Original p-value Corrected 

F-stat 

Corrected p-value 

0.7488 195.3 < 0.01 74.02 < 0.01 
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The model R2 value was 0.87 which provides support of the validity of the full 

model shown here.  The correlation coefficient of 0.75 indicates that serial correlation is 

present in the data, through correction for it did not change the confidence level of the 

model. 

Near-infrared reflectance data again exhibited decreasing trends during the 

experiment.  The hotspot reflectance reached a lower limit around day 20 as it did with 

the MS3100 data, though the final value of about 0.4 was approximately 10% lower for 

the PixeLink data than the MS3100.  Figure 53 presents the near-infrared reflectance data 

along with corresponding fits. 

 

 

Figure 53: 2010 PixeLink near-infrared reflectance data.  Plot shows control and hotspot time-series with 
fit lines.  Vertical lines denote beginning and end of CO2 release. 
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The results of this model are summarized in Table 18.  The trends in this model 

generally agree with the MS3100 results, though evidence for a different near-infrared 

hotspot slope is greater for the PixeLink data.  Again, numerical differences are likely 

attributable to differing number of data points.  No statistical evidence was found for an 

initial offset between the two regions. 

 

Table 18: 2010 PixeLink near-infrared reflectance regression summary. 

Day vs. Near-Infrared Reflectance Regression Summary 

Description Parameter Estimate Standard Error t-statistic Two-sided p-value 

Control 
Intercept 

 121.41 11.49 10.569 < 0.01 

Control NIR 
Slope 

 -168.35 20.30 -8.291 < 0.01 

Hotspot 
Intercept 

 15.14 18.88 0.802 0.42 

Hotspot NIR 
Slope 

 -77.70 39.14 -1.985 0.05 

 

 

Visual inspection of the near-infrared reflectance residuals again shows data that 

tends to be positively serially correlated though once again correction for the effects does 

little to change the p-value of the model.  The small p-value presents evidence in favor of 

the model under test over a simpler model, specifically a simple linear regression with no 

separation of hotspot and control data.  Figure 54 displays the residuals associated with 

this model. 
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Figure 54: 2010 PixeLink near-infrared reflectance residuals. 

 

The original and corrected F-statistics are shown in Table 19.  The model has an R2 of 

0.58. 

 

Table 19: 2010 PixeLink near-infrared reflectance serial correlation analysis summary. 

NIR Reflectance Serial Correlation Summary 

Correlation 

Coefficient r1 

Original 

F-stat 

Original p-value Corrected 

F-stat 

Corrected p-value 

0.7313 40.94 < 0.01 16.13 < 0.01 
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The PixeLink NDVI data and trends are displayed in Figure 55.  The results for 

this data is similar to the MS3100 data, as the NDVI trends down over time, the hotspot 

NDVI begins at a lower value, the hotspot NDVI reaches a threshold value around day 

20, and the slopes between the two regions are only slightly different. 

 

 

Figure 55: 2010 PixeLink NDVI data.  Plot shows control and hotspot time-series with fit lines.  Vertical 
lines denote beginning and end of CO2 release. 

 

The numerical results presented in Table 20 support the observation that there is a 

significant initial offset between the two regions, and shows moderate evidence for a 

difference in slopes.  It is worth noting that the slope of the hotspot trend is affected by 

the threshold behavior of the NDVI.  The linear regression model is not well suited to 

account for the threshold behavior observed after vegetation has died.  There is visual 
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evidence that the slopes for the two regions are different during the release prior to day 

20 when the vegetation appears to be dead. 

 

Table 20: 2010 PixeLink NDVI regression summary. 

Day vs. NDVI Regression Summary 

Description Parameter Estimate Standard Error t-statistic Two-sided p-value 

Control 
Intercept 

 120.447 4.961 24.277 < 0.01 

Control NDVI 
Slope 

 -140.719 7.379 -19.071 < 0.01 

Hotspot 
Intercept 

 -38.761 5.969 -6.493 < 0.01 

Hotspot NDVI 
Slope 

 20.666 10.235 2.019 0.05 

 

 

The residuals for this model are shown in Figure 56 and inspected exactly as 

previously described.  As in the MS3100 data, the control vegetation does not exhibit as 

much serial correlation as the hotspot vegetation.  This may suggest that the CO2 causes 

runs in the reflectance and NDVI data for the affected vegetation. 
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Figure 56: 2010 PixeLink NDVI residuals. 

 

Table 21 shows the results of serial correlation calculations.  Again, the p-value 

remains unaffected, but the F-statistic is much lower than that of the uncorrected data.  

The NDVI model had an R2 of 0.88. 

 

Table 21: 2010 PixeLink NDVI serial correlation analysis summary. 

NDVI Serial Correlation Summary 

Correlation 

Coefficient r1 

Original 

F-stat 

Original p-value Corrected 

F-stat 

Corrected p-value 

0.8639 216.7 < 0.01 58.57 < 0.01 
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The data acquired by the PixeLink system has consistently provided the most 

convincing statistics between the two imagers.  The process of selecting variables using 

the same stepwise technique yielded the results shown in the table below.  The variables 

excluded from the model are both red and near-infrared reflectance for the control 

vegetation, and an additive initial offset term for the hotspot vegetation.  The red 

reflectance, near-infrared reflectance, and NDVI were all important in explaining the 

variability for the hotspot whereas NDVI alone was sufficient for the control vegetation.  

After accounting for NDVI in the control data, red and near-infrared reflectance did not 

provide significant explanation of remaining variability. 

 

Table 22: 2010 PixeLink reduced model regression summary. 

Reduced Model Summary 

Description Parameter Estimate Standard Error t-statistic Two-sided p-value 

Intercept  120.6798 4.2170 28.6178 < 0.01 
Control NDVI 
Slope 

 -141.0616 6.2718 -22.4914 < 0.01 

Hotspot Red 
Slope 

 -501.3786 59.2315 -8.4647 < 0.01 

Hotspot NIR 
Slope 

 404.8475 59.1183 6.8481 < 0.01 

Hotspot NDVI 
Slope 

 -276.0515 37.5047 -7.3604 < 0.01 

 

 

The R2 for this multiple regression was 0.91 which was nominally the same value 

as the adjusted R2.  Again, with a large F-statistic and negligible p-value it is easy to 

reject the simple linear regression for this model (F-stat = 233 on 4 and 87 d.o.f., p-value 

< 0.01). 
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Figure 57: 2010 PixeLink reduced model residuals. 

 

Figure 57 shows fairly well behaved data for the control vegetation with the 

hotspot vegetation going on excursions from the model predictions between experiment 

days 15 and 35, and again from day 35 through the end of the deployment. 

The reduced models for the 2009 MS3100 data and the 2010 PixeLink data 

support the conclusion that statistically significant differences exist between control 

vegetation and plants that are exposed to elevated levels of CO2.  Differences in 

numerical model values were observed between the MS3100 imager and the PixeLink 

system.  These differences may be due to differences in resolution between the two 

imagers, differences in system performance characteristics related to the efficiency of the 

camera integration time control techniques, or in spectral response differences between 

the two instruments.  To test for the presence of spectral differences between the 
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instruments, a one-sample t-test was performed on the difference in reflectance for both 

red and near-infrared channels, and on NDVI.  For days when both instruments had 

observations, the MS3100 observations were subtracted from the PixeLink observations 

for both control and hotspot vegetation.  A two-sided t-test was performed on the mean of 

the calculated differences to determine whether or not there was a statistically significant 

difference in measurements between the instruments.  Table 23 summarizes the findings 

of this study. 

 

Table 23: MS3100 and PixeLink measurement comparison results. 

MS3100 and PixeLink Observation Comparisons 

Variable Difference 

Est. 

t-stat d.f. p-value 95% CI 

Lower 

95% CI 

Upper 

Red -0.044 -9.811 63 < 0.01 -0.053 -0.035 
NIR -0.109 -12.126 63 < 0.01 -0.128 -0.092 

NDVI 0.007 1.1373 63 0.26 -0.005 0.020 
 

 

It is estimated that the measured red reflectance for the PixeLink instrument is 

4.4% lower than the MS3100, with a 95% confidence interval from 3.5% lower to 5.3% 

lower.  The estimated difference for the near-infrared channel is 10.9% lower for the 

PixeLink system than the MS3100 system, with a confidence interval from9.2% to 12.8% 

lower.  This substantial difference between reflectance observations would be expected if 

the incidence angles on the interference filters are higher than expected.  Though the 

reflectance values exhibit some difference, no statistical differences is expected between 

NDVI observations for the two instruments. 
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In general, the techniques presented here to detect stress induced by CO2 have 

been shown to be feasible for the given experimental application.  Nonlinearities in the 

data present some roadblocks to expansion of these techniques to applied leak detection, 

as the statistical models are not well suited to handling data with these characteristics.  

The reduced models for both the 2009 MS3100 and 2010 PixeLink data sets show the 

presence of statistically separable responses, which, given the observed visual differences 

between the two regions during the experiment, is expected.  Further study of real-time 

image analysis techniques is suggested as a means of providing in-situ leak detection.  

Whereas the analysis presented here is suitable for determining if a leak occurred, 

advancement of real-time techniques will provide better estimation of when a leak 

occurred, which is desirable in leak detection. 
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CONCLUSIONS AND FUTURE WORK 

 
 

This paper motivates the need for a robust carbon dioxide leak detection system 

deployable to a carbon sequestration site, presents an overview of current and future leak 

detection systems, describes a multispectral imaging approach to leak detection, presents 

the design of a new imaging system, and analyzes the data acquired during controlled 

leak experiments.  Data from 2009 and 2010 summer CO2 release experiments was 

gathered, processed and analyzed for the purpose of validating previous results and to 

continue demonstration of the feasibility of detecting changes in vegetation due to 

exposure to high levels of carbon dioxide in the soil.  Movement toward a cheaper, 

smaller, and more efficient imaging system drove the development of the PixeLink 

system that was deployed alongside the MS3100 imager during the 2010 release 

experiment.  Though some differences between the two imagers were observed, both 

systems were able to provide data that were useful in detecting the stress effects of CO2. 

The primary differences that warrant future investigation are lower red and near-infrared 

reflectance of the PixeLink versus MS3100 system, and higher variability of the MS3100 

measurements than the PixeLink measurements. 

The differences in the reflectance values may be attributable to a higher-than-

expected incidence angle on the interference filter.  The effects of this were discussed in 

the system design chapter, but direct measurement of the angles was not performed.  Part 

of the difficulty of knowing the exact incidence angles lies in the assumptions regarding 

the behavior of the front-end lens assembly used during the design of the system.  A test 
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to measure the spectral response of the optical system at the output of the interference 

filters is planned.  This simple test requires two spectrometer measurements on each 

channel.  An integrating sphere can be used to illuminate the system aperture uniformly 

with a known light spectrum.  A measurement of the input spectrum, and measurement of 

the light at the output of the interference filter will show the center wavelength and 

bandwidth of the light incident on the detector.  A re-calibration of the imager must be 

performed after disassembly and reassembly of the optical elements, as the calibration is 

highly sensitive to the inevitable rotational changes that occur when the system is taken 

apart and reconstructed.  A second cause of the reflectance differences, especially on the 

near-infrared channel, may be due to the longer center wavelength and wider spectral 

response of the MS3100 imager compared to the PixeLink.  The PixeLink near-infrared 

channel overlaps with the lower end of the MS3100 channel.  This lower portion is closer 

to the red edge of the vegetation spectra which may explain the lower reflectance 

measurements if there were any overlap with the decrease in plant reflectance.  In either 

case, the simplest change to correct the difference is to switch the filter with one centered 

at a slightly longer wavelength.  An 820-nm filter would still generally overlap with the 

MS3100 response, and would be less likely to be affected by the red edge of the 

vegetation reflectance spectrum. 

A second source of the observed differences between imagers may be the lateral 

offset between the two systems during operation.  A different reflectance value for the 

same regions due to the angular separation of the instruments has the potential to cause 

the imagers to measure different reflectance values as a result of viewing what are 
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technically different scenes.  It is expected that motion within the scene and spatial 

averaging would minimize this effect, but it is still a plausible explanation worth further 

investigation.  This hypothesis may be tested by switching the position of the imagers 

throughout the experiment to see if the measured reflectance differences change.  

Additionally, reducing the separation between the imagers as much as possible would 

help confirm or reject this hypothesis. 

Determining the source of the higher MS3100 variability is likely to be a more 

difficult task.  Some of the variability difference may be due to the larger degree of 

spatial averaging of the PixeLink system as a result of the lower pixel resolution.  

Perhaps also the variation of the MS3100 measurements is a result of elapsed time 

between satisfaction of integration time control loop constraints and the actual image 

acquisition time.  In situations when the lighting is changing rapidly it is possible that the 

dynamic range of the measurement is reduced, or that the image is saturated at the upper 

limit of the 8-bit data.  This would be tested by modifying the MS3100 control system to 

record the elapsed time between the final integration time adjustment and when the image 

is recorded.  The slow frame rate of the camera may play a role in how long it takes for 

the image to acquire an image.  Understanding this performance specification is 

important to determining whether or not this is a source of measurement variability. 

Neither of these performance differences prevented the PixeLink system from 

providing accurate, relevant results for the ZERT study.  The lower variability of the 

PixeLink system appears to provide more consistent and believable statistical results.  A 

natural next step in characterizing the new imager will be to measure the absolute 
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reflectance calibration of the system.  Absolute reflectance calibration of the system was 

not necessary for the ZERT application, but future deployments may require more 

accurate knowledge of the spectral characteristics of the system. 

During these experiments, seasonal changes in vegetation health were observed, 

and changes induced by CO2 were distinguishable from these seasonal changes.  As it 

applies to leak detection, the strict numerical analysis presented here is less suited than 

more robust, real-time leak detection techniques.  Such real-time systems may include 

monitoring of moving averages of regression parameters to determine when significant 

differences appear.  If performed on a pixel-by-pixel basis, these regression parameters 

would produce images that could be analyzed using more powerful image processing 

techniques to identify different regions that share similar characteristics within the image.  

As regions of interest within an image are identified, the underlying reflectance data and 

corresponding NDVI can be monitored for trends that diverge from what is considered in 

the image to be normal.  In this way, if an area of vegetation becomes stressed it can be 

singled out from the rest of the image and flagged as a potential leak for further 

inspection.  For this approach to successfully detect a leak, the effects of the leak must be 

localized, or small compared to the imager field of view.  However, a network of imagers 

that provide coverage over a large area may be used to communicate information to a 

base station that processes the observations.  In this way, a large area is monitored, and 

both leaks that are localized within a single image and leaks that span the field-of-view of 

one or more imagers can be detected. 
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The absence of a priori knowledge of leak locations makes detection more 

difficult and a system that can perform in any environment is required.  The calibration 

technique used in this experiment requires a Lambertian target of known reflectance at 

the wavelengths of interest to successfully calculate the reflectance value of each pixel in 

the image.  A technique to divorce the measurements from an in-view calibration target is 

desirable for large-scale deployment.  A sensor on the imaging system that measures 

lighting levels and adjusts the exposure accordingly could provide a calibration solution 

which is faster than the technique currently used.  As previously mentioned, multispectral 

imaging is presented as one part of a larger set of technologies aimed at detecting leaks at 

sequestration sites.  It must be understood that a successful leak detection and 

quantification system likely will consist of many different instruments with 

complimentary detection characteristics. 

Another proposed method for leak detection uses image classification techniques 

based on reflectance data to identify stressed regions rather than on regression-based 

statistical approaches.  Some investigation using image classification to identify stressed 

regions was performed using data collected from these experiments.  Though the ideas 

presented are very preliminary, the results are interesting and suggest that, with much 

more development, the techniques may present a viable approach to image-based CO2 

leak detection.  Classification of images based on spectral information allows regions 

with similar NDVI values but different composite reflectance values to be distinguished.  

Shaded regions can be identified as such and precluded from use in analysis as they are 

illuminated differently than the calibration target and the resulting reflectance values are 
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not accurate.  Again, image processing techniques of classification images may be useful 

in detecting leak locations and flagging them for closer investigation.  An example of a 

classification image from the 2010 MS3100 data set is shown in Figure 58. 

 

 

Figure 58:  Example showing classification results based on red and near-infrared reflectance.  Results are 
from an unsupervised classification tree with ten terminal nodes. 

 

Unsupervised classification trees were calculated using tools in the MATLAB 

Statistics Toolbox and applied to the daily average images used in the analysis.  In these 

images, a handful of classes are observed that include healthy vegetation, varying degrees 

of stressed vegetation, shaded vegetation, Spectralon material, and miscellaneous non-

vegetation (such as a metal tripod).  The number of useful classes is constrained by the 

limited amount of spectral information. 
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Detection of gas leaks from geologic sequestration facilities is not a simple task.  

With the gas being injected into deep underground features, the location where leaked gas 

escapes from the ground can be difficult or impossible to predict.  It is highly dependent 

upon the characteristics of the overlying geology.  The path of least resistance for 

escaping gas may very well lead to a leak site far removed from the injection site.  A 

combination of technologies capable of both monitoring large areas for signs of leakage 

and obtaining point measurements for quantifying detected leaks will provide the best 

coverage of sequestration sites.  Near-surface multispectral imaging provides continuous 

monitoring of a sequestration site, cheaper and higher temporal resolution than aerial or 

space-based monitoring platforms and high spatial resolution.  As a detection mechanism, 

this approach is best suited as a signaling system that identifies regions of interest for 

closer inspection for leaking CO2.  Continued analysis of data will lead to real-time 

algorithms useful for deployment to a full-scale carbon sequestration project.  
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function [] = zert_imager_script() 

  
%% Empty Data Structures 
data_frame = struct('nir_image',{}, ... 
    'red_image',{}, ... 
    'time',{}, ... 
    'internal_temperature',{}, ... 
    'it_nir',{}, ... 
    'it_red',{}, ... 
    'spectralon_mask',{}); 

  
%% Camera Initialization 
camera(1).handle = initialize_camera; 

  

%% Specifiy Spectralon ROI 
set_filter(int8(3));    %Set Filter to Empty Position 
set_integration_time(camera.handle,single(0.008));  %Set IT to see 

Spectralon 
camera.im_out = getsnapshot(camera.handle); %Take a sample image 
spec_fig = figure;  %Define a figure for extracting spectralon 
spectralon_mask = roipoly(camera.im_out);   %Specify Spectralon Pixels 
close(spec_fig);    %Close figure 

  

  

  

  
%% Specify Correction Parameters 
f_num = 16;  % Set Camera Lens F/# 
%Define Image Correction Structure 
corr_struct = struct('inter2_int',{},... 
    'inter2_slo',{},... 
    'slope2_int',{},... 
    'slope2_slo',{},... 
    'FFC_slope',{},... 
    'FFC_inter',{}); 

  
%Populate Image Correction Structure 
switch(f_num) 
    case 16 
        DC_corr_dir = ... 
            'C:\vegetation_imager\Veg_Imager_Rev1\corrections_f16\'; 
        corr_struct(1).inter2_int = ... 
            importdata(strcat(DC_corr_dir,'inter2_int.mat')); 
        corr_struct.inter2_slo = ... 
            importdata(strcat(DC_corr_dir,'inter2_slo.mat')); 
        corr_struct.slope2_int = ... 
            importdata(strcat(DC_corr_dir,'slope2_int.mat')); 
        corr_struct.slope2_slo = ... 
            importdata(strcat(DC_corr_dir,'slope2_slo.mat')); 
        corr_struct.FFC_slope = ... 
            importdata(strcat(DC_corr_dir,'slope_f16.mat')); 
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        corr_struct.FFC_inter = ... 
            importdata(strcat(DC_corr_dir,'inter_f16.mat')); 
        clear corr_dir; 

         
    case 11 
        DC_corr_dir = ... 
            'C:\vegetation_imager\Veg_Imager_Rev1\corrections_f11\'; 
        corr_struct(1).inter2_int = ... 
            importdata(strcat(DC_corr_dir,'inter2_int.mat')); 
        corr_struct.inter2_slo = ... 
            importdata(strcat(DC_corr_dir,'inter2_slo.mat')); 
        corr_struct.slope2_int = ... 
            importdata(strcat(DC_corr_dir,'slope2_int.mat')); 
        corr_struct.slope2_slo = ... 
            importdata(strcat(DC_corr_dir,'slope2_slo.mat')); 
        corr_struct.FFC_slope = ... 
            importdata(strcat(DC_corr_dir,'slope_f11.mat')); 
        corr_struct.FFC_inter = ... 
            importdata(strcat(DC_corr_dir,'inter_f11.mat')); 
        clear corr_dir; 
end 

  

%% Define Capture Interval 
delay_mins = 10; 
delay_secs = 0; 

  
%% Extract Raw Data Root Directory 
root_dir = 'C:\Summer_2010_Experiment\'; 

  
%% Define Filter Position Variables 
NIR = int8(1); 
RED = int8(2); 

  
%% Define Automation Variables 
start_time = [8 00];    %Imager Start Time 
stop_time = [16 00];    %Imager End Time 

  
%Auto-exposure spectralon value range 
spectralon_val = struct('max',{},'min',{}); 
spectralon_val(1).max = 250; 
spectralon_val.min = 240; 

  

%This code sets the IT starting point 
%by taking two images and regressing 
%Ave. Spec DN on IT 

  
%Set Filter to NIR Channel 
set_filter(NIR); 
%Set low IT 
set_integration_time(camera.handle,single(0.010)); 
%Capture low IT image 
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it_im = capture_image(camera.handle, corr_struct); 
%Calculate mean spectralon value 
spec0 = sum(sum(uint8(spectralon_mask).*it_im))/... 
    numel(find(spectralon_mask)); 
%Set high IT 
set_integration_time(camera.handle,single(0.090)); 
%Capture high IT image 
it_im = capture_image(camera.handle, corr_struct); 
%Calculate mean spectralon value 
spec1 = sum(sum(uint8(spectralon_mask).*it_im))/... 
    numel(find(spectralon_mask)); 
%Calculate spec/IT slope 
m = (spec1 - spec0)/(0.090 -0.010); 
%Calculte NIR IT estimate 
data_frame(1).it_nir = single((245 + m*0.010 - spec0)/m); 
%Max IT is 1.0 seconds...error check estimate calculation 
if(data_frame.it_nir > 1.0) 
    data_frame.it_nir = single(1.0); 
end 

  
%REPEAT SAME PROCEDURE FOR THE RED CHANNEL 
set_filter(RED); 
set_integration_time(camera.handle,single(0.010)); 
it_im = capture_image(camera.handle, corr_struct); 
spec0 = sum(sum(uint8(spectralon_mask).*it_im))/... 
    numel(find(spectralon_mask)); 
set_integration_time(camera.handle,single(0.090)); 
it_im = capture_image(camera.handle, corr_struct); 
spec1 = sum(sum(uint8(spectralon_mask).*it_im))/... 
    numel(find(spectralon_mask)); 
m = (spec1 - spec0)/(0.090 -0.010); 
data_frame.it_red = single((245 + m*0.010 - spec0)/m); 
if(data_frame.it_red > 1.0) 
    data_frame.it_red = single(1.0); 
end 

  

  

  
%% Data Capture Sequence 
while(1) 
    %CHECK TIME OF DAY, DELAY IF NOT WITHIN OPERATING TIMES 
    %Gets the Current Time prior to entering automated control loop 
    current_time = fix(clock);   
    %Extracts relevant time parameters (hours and minutes) 
    current_time = current_time(4:6);   
    while( ( (60*current_time(1) + current_time(2)) - ... 
            (60*start_time(1) + start_time(2)) > 0) &&... 
            ( (60*stop_time(1) + stop_time(2)) - ... 
            (60*current_time(1) + current_time(2)) > 0 ) ) 

  
        tic;  %Control Loop Timer Start 
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        %ACQUIRE NIR DATA POINT 
        set_filter(NIR);    %Set Filter to NIR Channel 
        %Set NIR IT 
        set_integration_time(camera.handle,data_frame.it_nir);   

         
        %ADJUST INTEGRATION TIME                 
        it_im = capture_image(camera.handle, corr_struct); 

         
        spec_ave = sum(sum(uint8(spectralon_mask).*it_im))/... 
            numel(find(spectralon_mask)) 

         
        it = get_integration_time(camera.handle); 
        while((spec_ave < spectralon_val.min) || ... 
                (spec_ave > spectralon_val.max)) 
            % Spectralon Value too low 
            if(spec_ave < spectralon_val.min) 
                %Add 8ms + 5ms*(Error/obs) 
                it = it + single(0.008 + 0.005*... 
                    ((spectralon_val.min - spec_ave)/spec_ave)); 
                %IT error handling 
                %This sets IT to 0.5s and breaks to prevent 
                %infinite loop situation. 0.5s is higher IT 
                %than expected during normal operation. 
                %These data points will likely be overexposed 
                %and removed  
                if(it > single(1.0)) 
                    it = single(0.500); 
                    set_integration_time(camera.handle,it); 
                    break  
                end 
                set_integration_time(camera.handle,it); 

                 
            elseif(spec_ave > spectralon_val.max) 
                it = it - single(0.008 - 0.005*... 
                    ((spec_ave - spectralon_val.max)/spec_ave)); 
                if(it < single(0)) 
                    it = single(0.001); 
                    set_integration_time(camera.handle,it); 
                    break 
                end 
                set_integration_time(camera.handle,it); 
            else 
            end 

             
            it_im = capture_image(camera.handle, corr_struct); 

             
            spec_ave = sum(sum(uint8(spectralon_mask).*it_im))/... 
                numel(find(spectralon_mask)) 

             
        end 
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        %CAPTURE NIR IMAGE 
        data_frame(1).nir_image = capture_image(camera.handle, 

corr_struct);         
        data_frame.it_nir = get_integration_time(camera.handle); 

         

         
        %ACQUIRE NIR DATA POINT 
        %SET FILTER TO RED 
        set_filter(RED); 
        set_integration_time(camera.handle,data_frame.it_red); 
        %ADJUST INTEGRATION TIME                 
        it_im = capture_image(camera.handle, corr_struct); 

         
        spec_ave = sum(sum(uint8(spectralon_mask).*it_im))/... 
            numel(find(spectralon_mask)) 

         
        it = get_integration_time(camera.handle); 
        while((spec_ave < spectralon_val.min) || ... 
                (spec_ave > spectralon_val.max)) 
            if(spec_ave < spectralon_val.min) 
                it = it + single(0.008 + 0.005*... 
                    ((spectralon_val.min - spec_ave)/spec_ave)); 
                if(it > single(1.0)) 
                    it = single(0.500); 
                    break 
                end 
                set_integration_time(camera.handle,it); 

                 
            elseif(spec_ave > spectralon_val.max) 
                it = it - single(0.008 - 0.005*... 
                    ((spec_ave - spectralon_val.max)/spec_ave)); 
                if(it < single(0)) 
                    it = single(0.001);                     
                end 
                set_integration_time(camera.handle,it); 
            else 
            end 

             
            it_im = capture_image(camera.handle, corr_struct); 
            spec_ave = sum(sum(uint8(spectralon_mask).*it_im))/... 
                numel(find(spectralon_mask)) 

             

        end        
        data_frame.red_image = capture_image(camera.handle, 

corr_struct); 
        %Store the RED image IT 
        data_frame.it_red = get_integration_time(camera.handle); 

  

         
        %WRITE RAW IMAGE DATA TO FILES 
        %STORE IMAGES TO DISK 
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        data_frame.internal_temperature = 

get_sensor_temp(camera.handle); 
        c = fix(clock); 
        data_frame.time = c; 

         
        time = strcat(num2str(c(4),'%02d'),... 
            num2str(c(5),'%02d'),num2str(c(6),'%02d')); 
        data_dir = strcat(root_dir,datestr(c,1),'\'); 
        if(~isdir(data_dir)) 
            mkdir(data_dir); 
        end 
        save(strcat(data_dir,time,'.mat'),'data_frame'); 

         
        %PAUSE FOR REMAINING CAPTURE INTERVAL BALANCE 
        t = toc;         
        pause((delay_mins*60 + delay_secs) - t); 

  
        current_time = fix(clock); 
        current_time = current_time(4:6); 
    end 
end 

  
%% Uninitialize the Camera 
uninitialize_camera(camera.handle); 
end 

  
%% Functions 
%This function captures an image and applies corrections 
function [corrected_image] = capture_image(handle, corr_struct) 
% Get Camera Parameters 
temp = get_sensor_temp(handle); 
it = get_integration_time(handle); 

  
% Get Raw Image 
raw_im = getsnapshot(handle); 

  
% Apply Dark Current Correction 
corr1 = corr_struct.inter2_int +... 
    corr_struct.inter2_slo.*temp +... 
    corr_struct.slope2_int.*it +... 
    corr_struct.slope2_slo.*it.*temp; 
im_DC = raw_im - uint8(corr1); 

  
% Apply Flat Field Correction 
corrected_image = uint8(single(im_DC).*corr_struct.FFC_slope +... 
    corr_struct.FFC_inter); 

  
end 
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Data Analysis Steps 

1. Copy data from field instrument to lab computer 
a. 2009 

i. MS3100 data directory (“Full” Dataset) 
\\ORSL-planck\Data--

Experiments\2009_ZERT_Field_Experiment\Summer_09_Data\MS3100 
b. 2010 

i. MS3100 data directory (“Full” Dataset) 
\\ORSL-planck\Data--

Experiments\2010_ZERT_Field_Experiment\Summer_10_Data\MS3100 
ii. PixeLink data directory (“Full Dataset) 

\\ORSL-planck\Data--

Experiments\2010_ZERT_Field_Experiment\Summer_10_Data\PixeLink 
 

2. Mass-rename MS3100 data for easier sorting in MATLAB 
a. Directories renamed from DDMMMYY to MMDDYY 
b. Files from 12-hour HHMMSS_(AM/PM)(R/G/IR) to 24-hour time format 

3. Data processing script directories 
a. 2009 
\\ORSL-planck\Data--

Processing\ZERT_Data_Processing_Scripts\Data_Processing_2009\Scripts 
b. 2010 
\\ORSL-planck\Data--

Processing\ZERT_Data_Processing_Scripts\Data_Processing_2010\Scripts 
4. Processing Script:  Generates daily movies of all images acquired (see files for 

video output directories). Red, near-infrared, and NDVI videos are generated. 
a. 2009 

i. MS3100_Video_Generation_2009.m 
b. 2010 

i. MS3100_Video_Generation_2010.m 
ii. PXL_Video_Script_2010.m 

5. Copy full datasets into reduced dataset directories 
a. 2009 

\\ORSL-planck\Data--

Experiments\2009_ZERT_Field_Experiment\Summer_09_Data\MS3100_Reduced_Datas

et 
b. 2010 

i. MS3100 



131 

 
\\ORSL-planck\Data--

Experiments\2010_ZERT_Field_Experiment\Summer_10_Data\MS3100_Reduced

_Dataset 
ii. PixeLink 

\\ORSL-planck\Data--  

Experiments\2010_ZERT_Field_Experiment\Summer_10_Data\PixeLink_Reduced

_Dataset 
6. Identify “bad” frames in the daily videos, and delete those data points from the 

reduced dataset directories 
7. Generate red, near-infrared and NDVI videos of the reduced data set 

a. 2009 
i. MS3100_Video_Generation_Reduced_2009.m 

b. 2010 
i. MS3100 

1. MS3100_Video_Generation_Reduced_2010.m 
ii. PixeLink 

1. PXL_Reduced_Video_Script.m 
8. Repeat screening of reduced dataset videos for “bad” frames. 
9. Copy the reduced dataset into a final dataset directory 

a. 2009 
\\ORSL-planck\Data--  

Experiments\2010_ZERT_Field_Experiment\Summer_10_Data\MS3100_Final_Dataset 
b. 2010 

i. MS3100 
\\ORSL-planck\Data--  

Experiments\2010_ZERT_Field_Experiment\Summer_10_Data\MS3100_Final_D

ataset 
ii. PixeLink 

\\ORSL-planck\Data--  

Experiments\2010_ZERT_Field_Experiment\Summer_10_Data\PixeLink_Final_D

ataset 
10. Remove any lingering bad frames, and remove morning images.   This leaves 

only valid, afternoon raw images in the dataset for processing. 
11. Generate red, near-infrared and NDVI videos of the final dataset, and average 

every image in the directory to produce single daily images for red, near-infrared 
and NDVI data. 

a. Final single daily average image directories 
i. 2009 

\\ORSL-planck\Data--

Processing\ZERT_Data_Processing_Scripts\Data_Processing_2009\MS3100_Pro

cessed_ Final_Daily_Averages\ 
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ii. 2010 

1. MS3100 
\\ORSL-planck\Data--

Processing\ZERT_Data_Processing_Scripts\Data_Processing_2010\MS31

00_ Processed_Final_Daily_Averages\ 
2. PixeLink 
\\ORSL-planck\Data--

Processing\ZERT_Data_Processing_Scripts\Data_Processing_2010\PXL_ 

Processed_Final_Daily_Averages\ 
12. Generate the final dataset to be used in the statistical analysis 

a. Define control region 
b. Define hotspot region 
c. Average pixels for each 
d. Create a day vs. average value red, near-infrared and NDVI vector for 

both hotspot and control regions 
e. These steps are accomplished by: 

i. \\ORSL-planck\Data--

Processing\ZERT_Data_Processing_Scripts\Thesis\ 
1. Dataset_Generation_MS3100_2009.m 
2. Dataset_Generation_MS3100_2010.m 
3. Dataset_Generation_2010PXL.m 

13. Open the final dataset spreadsheets and insert blanks for days with missing data.  
This aligns the observations with their proper experiment day number. 

14. Import the spreadsheets into R and perform statistical analysis 
15. Transcribe R results into Word tables 
16. Import data sets into MATLAB and plot original data with fit lines 
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This script is repeated for each of the 2009 MS3100, 2010 MS3100 and PixeLink 
datasets.  It performs all the regression analyses presented in the data analysis section of 
the thesis.   
 
#Import 2010 MS3100 Data 
DATA <- read.csv("MS3100_2010_DATA.csv", head=TRUE) 
 
#Attach the data  
attach(DATA) 
DATA_FRAME <- data.frame(DATA) 
 
#Print imported data to the console for verification 
names(DATA) 
 
#Generate scatterplots of the data 
dev.new() 
plot(DAY, RED, type="n") 
points(DAY[CAT=="0"], RED[CAT=="0"], col="blue", pch=19) 
points(DAY[CAT=="1"], RED[CAT=="1"], col="red", pch=18) 
 
dev.new() 
plot(DAY, NIR, type="n") 
points(DAY[CAT=="0"], NIR[CAT=="0"], col="blue", pch=18) 
points(DAY[CAT=="1"], NIR[CAT=="1"], col="red", pch=18) 
 
dev.new() 
plot(DAY, NDVI, type="n") 
points(DAY[CAT=="0"], NDVI[CAT=="0"], col="blue", pch=18) 
points(DAY[CAT=="1"], NDVI[CAT=="1"], col="red", pch=18) 
 
 
#SEPARATE LINES MODELS 
#Categorical Variable CAT -- "0" for control, "1" for hotspot 
HS <- factor(CAT) 
model1 <- lm(DAY~RED + HS + RED*HS) 
summary(model1) 
model1$coefficients 
 
 
model2 <- lm(DAY~NIR + HS + NIR*HS) 
summary(model2) 
model2$coefficients 
 
model3 <- lm(DAY~NDVI + HS + NDVI*HS) 
summary(model3) 
model3$coefficients 
 
#Full Model 
model4 <- lm(DAY~RED + HS + NIR + NDVI + RED*HS + NIR*HS + NDVI*HS) 
summary(model4) 
model4$coefficients 


