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ABSTRACT 

 

COMPARISON OF THE UNITED STATES PRECISION LIGHTNING NETWORK™ 

(USPLN™) AND THE CLOUD-TO-GROUND LIGHTNING SURVEILLANCE 

SYSTEM (CGLSS) 

by 

Alexander Andrew Jacques 

Plymouth State University, April 2011 

 

 WSI Corporation requested a performance evaluation of their United States 

Precision Lightning Network™ (USPLN™), which is co-owned by TOA Systems, Inc.  

The USPLN is a national lightning detection network with over 160 sensors placed across 

the North American continent.  Previous performance evaluations of the network had 

been limited to simulated lightning events and individual fixed tower case studies.  Thus, 

a longer evaluation of the network had yet to be completed, which this study attempts to 

achieve.  As a validation tool, the second generation of the Cloud-to-Ground Lightning 

Surveillance System (CGLSS-II) was selected.  CGLSS-II is a local detection network 

used for critical lightning surveillance at Kennedy Space Center and Cape Canaveral Air 

Force Station (KSC/CCAFS).  The network of six sensors has been certified by the U.S. 

Air Force since 1989, and is constantly monitored and evaluated.  CGLSS-II and the 

USPLN share numerous similarities including: the processing of all lightning strokes, 

GPS timing, and the time-of-arrival technique for triangulating stroke locations. 
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 Stroke data for CGLSS-II and USPLN were acquired and quality controlled for 

the selected study period of 20 May 2008 to 31 August 2010.  The study period was 

further divided into sub-periods based on changes to CGLSS-II performance, and data 

were restricted to a region surrounding KSC/CCAFS.  A correlation procedure was 

selected which matched strokes between the two networks using time and distance 

thresholds, creating a comparative dataset.  Data from the Four Dimensional Lightning 

Surveillance System (4DLSS) was also collected as a means to classify cloud-to-ground 

(CG) and intra-cloud (IC) strokes.  Melbourne (KMLB) composite reflectivity radar 

imagery was also acquired to further evaluate USPLN performance.  Several analyses of 

USPLN stroke detection efficiency (DE) and location accuracy were conducted to first 

determine average performance and then to examine specific case studies. 

 Analyses of USPLN stroke DE revealed several strengths and weaknesses to the 

network.  Simple weighted average analyses of each sub-period revealed that the USPLN 

failed to detect a significant portion of the CGLSS-II strokes.  Logistic regression and 

plots of USPLN stroke DE versus CGLSS-II peak current (Ip) indicated that most of the 

missed detections were due to low current strokes, while the USPLN excelled at detecting 

high current strokes.  A pseudo-flash DE analysis concluded that perhaps many of the 

undetected low current strokes were subsequent strokes in a lightning flash.  

Additionally, performance was found to be degraded when the USPLN sensor baseline 

was altered significantly by sensor outages.  Temporally, the USPLN stroke DE 

improved with time until around 1 July 2010, after which performance decreased. 

 Analyses of USPLN location accuracy showed a similar temporal performance 

improvement up to around 1 July 2010, with a significant decrease thereafter.  The 95% 
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confidence USPLN location accuracy metrics were on the order of 600 m during peak 

performance from February to June 2010.  Similar decreases in performance were also 

discovered when USPLN sensor outages occurred, coinciding with the loss of DE.  An 

analysis of directional variation between matching CGLSS-II and USPLN stroke 

locations revealed a prominent northeast and less prominent southwest bias for the 

USPLN over the study region. 

 Four case study days were examined to determine potential causes for USPLN 

strokes that were not matched with CGLSS-II.  Comparisons to 4DLSS data indicated 

that the majority of these unmatched strokes were truly IC strokes detected by the 

USPLN and falsely classified as CG strokes.  Any “phantom” strokes, those which 

seemed to occur with little or no 4DLSS activity, were examined with radar imagery.  

The radar analyses produced primarily inconclusive results.  Additional case study 

analyses revealed that the USPLN rarely falsely categorizes a true CG stroke as IC or 

reports the incorrect polarity of a stroke. 

 This study revealed several strengths and weaknesses for the USPLN.  It is 

unclear exactly why low current strokes were frequently missed, but hypotheses were 

introduced regarding sensor sensitivity and other factors.  An investigation into the 1 July 

2010 performance decrease uncovered a software change to the USPLN, which likely 

was the cause for the performance decrease.  Additionally, an investigation into a poorly 

analyzed CGLSS-II event was also initiated during this study.  Future work should 

include more performance evaluations of the USPLN with other local and national 

networks, a review of the quality control methods, the addition of new methodologies, 

and perhaps additional CGLSS-II comparisons with other stroke-based networks.
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CHAPTER 1 

1. Introduction and background 

a. Overview 

 A request from WSI Corporation was made to conduct a comparison study 

involving their United States Precision Lightning Network
TM

 (USPLN
TM

) and another 

detection network with well-established performance metrics.  In order to select a 

sufficient comparison network, much research into network structure and performance 

was conducted.  Information on the network structure, area surveyed, performance 

metrics, and operational uses were researched in order to establish the network’s use as a 

verification tool for this study.  Background information on the USPLN is provided later 

in this chapter. 

 The National Aeronautics and Space Administration (NASA) Kennedy Space 

Center (KSC) and Cape Canaveral Air Force Station (CCAFS) are located in a region 

with one of the highest cloud-to-ground (CG) lightning flash rates in the continental 

United States (CONUS).  A climatological study of lightning flash data from 1989-1996 

(Huffines and Orville 1999) showed a mean annual flash density of greater than 11 

flashes km
-2

 yr
-1

 for portions of the Florida peninsula, including KSC/CCAFS.  Figure 1 

displays a clear annual flash density maximum across central Florida, with values much 

higher than anywhere else in the CONUS.  Due to this high frequency of dangerous CG 

flashes, KSC/CCAFS have developed numerous precautionary procedures to insure the 

safety of employees and equipment.  Implementing these procedures requires plentiful 

lightning surveillance on a daily basis, through the use of remote detection systems as 

well as human observations. 
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Figure 1. Derived mean annual lightning flash density across the CONUS from 1989-

1996 (Huffines and Orville 1999). 

 

 The 45
th

 Weather Squadron (45 WS), stationed at CCAFS and Patrick Air Force 

Base (PAFB), provides continuous lightning surveillance for operations at KSC, CCAFS, 

and PAFB.  Watches and warnings are issued for the 14 circular areas seen in Figure 2 

(Roeder 2011, personal communication).  A Phase-I Lightning Watch is issued for a 

selected location when lightning is expected within a 5 n mi radius of that location 

(denoted by the circles in Figure 2) with a desired lead-time of 30 minutes.  A Phase-II 

Lightning Warning is issued when lightning is imminent or occurring within a 5 n mi 

radius of the selected location.  The 5 n mi radii and the proximity of the lightning 

advisory locations result in considerable overlap between the areas, so watches and 

warnings are often issued simultaneously for a number of areas.  The advisories are 

issued regardless of whether observed lightning is intra-cloud (IC) or CG, since CG 

lightning often occurs rapidly after the onset of IC lightning (Weems et al. 2001), and 
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skillfully forecasting IC lightning versus CG lightning was proven difficult.  The 

advisories, in particular Phase-I lightning watches, are also issued when lightning is 

predicted ahead of any actual detection of lightning due to the sometimes rapid formation 

of thunderstorms.  The lightning prediction methods themselves are primarily based on 

radar and other techniques (Roeder and McNamara 2011; Roeder and Pinder 1998). 

 

 
 

Figure 2. Map of the 14 lightning advisory areas supported by the 45 WS.  Each circle 

has a 5 n mi radius that serves as a safety zone for the location being protected at the 

center.  Blue, red, and purple circles indicate KSC, CCAFS, and PAFB/Astrotech 

property, respectively (Roeder 2011, personal communication). 
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 While the preceding advisories are used for everyday operations, a stricter set of 

conditions are applied during launch operations since the rockets can trigger lightning 

under conditions when natural lightning doesn’t occur.  The Lightning Launch Commit 

Criteria (LLCC) are a set of rules that help to address and prevent the hazards of natural 

and rocket-triggered lightning (McNamara et al. 2010; Roeder and McNamara 2006).  

The LLCC address lightning occurrence and lightning potential, with recent updates and 

additions improving the rules for anvil and convective debris clouds (McNamara et al. 

2010).  Additional lightning data provided by the 45 WS are the lightning reports for 

nearby CG lightning strikes to launch pads and other key facilities (Flinn et al. 2010).  

These lightning reports help assess the likelihood of induced current damage to the 

electronics of payloads, space launch vehicles, ground support equipment, and other key 

facilities.  A set of specific distance and peak current (Ip) thresholds are used.  If these 

thresholds are met or exceeded, various levels of inspections must be conducted to insure 

the safety of the mission.  The inspections are costly both financially and in delays to the 

space launch schedule, so it is important to have a valid high-performance lightning 

detection source to avoid unneeded inspections (Boyd et al. 2005).  Large improvements 

were made to the lightning reports from 2008-2010, including the detection of all 

lightning strokes in real-time versus just lightning flashes, use of lightning location error 

ellipses for each stroke at any desired probabilistic confidence level, and the probability 

of any nearby stroke being within the critical radius around a facility.  In addition, some 

customers now account for the uncertainty in the reported Ip of each stroke (Flinn et al. 

2010). 
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b. Background 

 The importance of lightning safety, mission assurance, and resource protection at 

KSC/CCAFS requires a high resolution network of lightning detection systems.  The 

Cloud-to-Ground Lightning Surveillance System (CGLSS) provides high resolution CG 

lightning data for a region centered at Cape Canaveral, FL.  CGLSS was first installed 

and operated as a test system from 1 June to 12 July 1979 as part of the Federal 

Evaluation of Lightning Tracking System (FELTS).  The test system was comprised of 

three medium gain direction finders (DF) located at the Orlando Airport, Melbourne 

Airport, and Merritt Island (Boyd et al. 2005).  NASA and the United States Air Force 

acquired the system in 1981 and by February 1984 added two additional low gain DF 

sensors, one at the same Merritt Island location and another at the Titusville-Cocoa 

Airport (Boyd et al. 2005). 

Continuous improvements were made and CGLSS became a fully certified system 

on 24 July 1989.  The sensors were upgraded to five LLP Model 141 Advanced 

Lightning Detection Finders (ALDF) from 1989-1994.  From 1995-1998, the system was 

converted into an IMProved Accuracy from Combined Technology (IMPACT) system 

(Boyd et al. 2005).  The improved system consisted of six Global Atmospherics, Inc. 

(GAI) Model 141-T ALDF sensors, a GAI IMPACT 283-T Advanced Position Analyzer, 

and a network display system (ESRL-GSD 2010).  The IMPACT system utilizes 

magnetic direction finding and time of arrival techniques to determine stroke location and 

time of occurrence (Boyd et al. 2005; Harms et al. 2003).  In May 1998, GPS timing and 

positioning capabilities were added to the network (ESRL-GSD 2010).  GPS 

synchronization with the lightning sensors is accurate to within ±100 ns (Vaisala 2010).  
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Thus, the GPS receiver system provides an accurate timing reference for the Model 141-

T sensor of ±300 ns (ESRL-GSD 2010).  Many applications were found for the archived 

CGLSS data, but the primary use of the system was support for lightning reports to assess 

the likelihood of induced current damage (Roeder et al. 2005). 

The network remained in the previous form until 2002, when sensor #3 (Duda 

Ranch) was moved to Deseret Ranch because a lease renewal at Duda Ranch was not 

obtained (Boyd et al. 2005).  The configuration of CGLSS from 2002-2009 can be seen 

in Figure 3 (Lambert et al. 2005).  In April 2008, CGLSS went through another 

technology upgrade.  The processing system was upgraded so that data received from the 

sensors were then processed through a CP-8000 processor, which was more powerful 

than the previous system.  The upgrade prompted the name change from CGLSS to 

CGLSS-II, with all products and equipment preceding the upgrade being renamed 

CGLSS-I.  CGLSS-II solves for all CG strokes in real-time, whereas CGLSS-I could only 

solve for one flash in real-time, although strokes could be provided later after reanalyzing 

the sensor data (Flinn et al. 2010). 

On 26 July 2009, a lightning strike damaged sensor #2 (Melbourne), and no 

replacements were available since Vaisala, Inc. no longer supported the 141-T sensors.  

Thus, CGLSS-II began operating on a five-sensor network, with sensor #6 (Tosohatchee) 

relocated to the site of sensor #2 on 11 August 2009 to maintain the previously 

established north-south line of sight.  Another update to the sensor configuration files was 

completed on 18 February 2010, after a Network Performance Evaluation Program was 

run on CGLSS-II, resulting in several improvements.  CGLSS-II should eventually return 
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to its original six-sensor configuration once new sensors are installed into the network 

(Roeder 2010, personal communication). 

 
 

Figure 3.  Map of the six CGLSS sensor locations, valid 2002 to 26 July 2009.  Sensor 

#2 was inoperable due to a lightning strike from 26 July 2009 to 11 Aug 2009.  Sensor #6 

was inoperable beyond 11 Aug 2009 since it replaced sensor #2 (Lambert et al. 2005). 

 

In order to process the occurrence of CG lightning, the medium gain sensors must 

detect an electromagnetic pulse that resembles a return stroke from CG lightning (Ward 

et al. 2008b).  Each 141-T sensor is comprised of two magnetic DF antennas, three 

horizontal electric field antenna plates, and a GPS antenna.  The sensor measures the 

peak signal strength, bearing angle to the ground strike point, the time the signal arrived 

at the sensor, and the time and width of the signal for all strokes of the flash.  These data 

are then sent to the upgraded CP-8000 processor which decodes and correlates the data to 
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determine stroke location and time of occurrence.  Detections from at least two sensors 

are required to locate a stroke.  If only two sensors detect the stroke, the signal strength 

and location from each sensor are adjusted to minimize disagreement.  If three or more 

sensors detect the stroke, the system uses statistical techniques between several pairs of 

sensors to find the optimum location (ESRL-GSD 2010).  For CGLSS-II, magnetic 

direction finding techniques are used for just two sensors and time of arrival techniques 

are used for three or more sensor combinations (Roeder 2010, unpublished manuscript).  

In order to estimate Ip, the signal strength is range-normalized and a regression equation 

is used to determine Ip (Ward et al. 2008b). 

 It was mentioned previously that before the 2008 upgrade, only one lightning 

flash was reported and archived (Roeder et al. 2005).  Recall that lightning flashes have a 

mean multiplicity of 3.5 return strokes per flash (Cummins et al. 1998), with subsequent 

strokes forming along a pre-existing channel (PEC) or establishing new ground contact 

(NGC) (Ward et al. 2008a).  Large quantities (35% or more) of CG flashes have multiple 

return strokes that establish NGC (Valine and Krider 2002).  Thus, the 2008 processor 

upgrade increased the number of archived detections to ~250% of the detections CGLSS-

I could compute, improving the odds that some of these NGC strokes are discovered 

(Murphy et al. 2008).  In addition to this, CGLSS-I also had a problem with detecting 

lightning well outside of the KSC/CCAFS area of interest.  The flashes were often 

reported much closer than the true location, but the upgrade to CGLSS-II fixed this 

problem (Roeder 2010, unpublished manuscript).   

 However, CGLSS-II retains a weakness involving the detection of strokes with 

high peak current magnitude pI .  Ward et al. (2008b) concluded that CGLSS-I failed to 
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report approximately 28% of the high current ( pI ≥ 50 kA) strokes reported by the 

National Lightning Detection Network
TM

 (NLDN
TM

).  Since only 10% of all strokes have 

pI ≥ 50 kA, CGLSS-II fails to detect 2.8% of all strokes.  These missed detections are 

attributed to the fact that CGLSS-I and CGLSS-II are high-resolution networks.  Thus, 

strokes with pI ≥ 50 kA can easily saturate the sensors, resulting in the inability for the 

system to detect the stroke (Ward et al. 2008b).  Fortunately, CGLSS-II does not become 

saturated for pI < 40 kA.  Assuming increasing DE with decreasing pI  for 40 kA ≤  

pI
 
< 50 kA, it is estimated that CGLSS-II misses about 4% of all strokes due to the 

sensor saturation dilemma.  Thus, CGLSS-II has a real-world stroke DE of about 96% 

due to the saturation problem, instead of the 98% suggested by the vendor.  The most 

discussed solution for the saturation issue involved integrating the NLDN sensors within 

300 km of KSC/CCAFS into CGLSS-II in real-time (Flinn et al. 2010). 

 Even with the weaknesses above, CGLSS remains an accurate and robust 

detection system.  Statistical evaluations of CGLSS-I after the 1998 upgrades showed an 

increase in the flash detection efficiency (DE) of the network from 92% to approximately 

98% (Ward et al. 2008b; Boyd et al. 2005).  The derived 95% confidence location 

accuracy, representative anywhere inside the network, was 693 m.  This estimate utilized 

real-world performance that included sensor and communication outages and sensors not 

used in the lightning solution due to quality control.  The value was calculated from a 

circle equal in area to the median area of a large sample of error ellipses inside the 

network, as opposed to the best-case center of network performance usually provided by 

vendors, which assumes that certain sensors were used in the lightning solution (Roeder 
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2010, unpublished manuscript).  The preceding location metric was valid before the loss 

of sensor #2 (Melbourne) on 26 July 2009.  Statistics calculated after sensor relocation on 

11 August 2009 indicated that the performance of the network did drop, with the same 

location error increasing to 981 m.  After the vendor configuration fix on 18 February 

2010, the 95% confidence location accuracy measurement improved to 567 m, which 

bodes well whenever CGLSS-II returns to its full capacity in the future (Roeder 2010, 

unpublished manuscript). 

While CGLSS-II is designed to detect lightning strikes with high precision in and 

around the KSC/CCAFS complex, larger networks such as the USPLN are required for 

lightning detection nationwide.  The USPLN was originally developed by TOA Systems, 

Inc. and Weather Decision Technologies (WDT), Inc. as an alternative to the widely-

recognized NLDN (Neilley and Bent 2009).  The USPLN began operations in 2004, with 

106 Precision Lightning Sensor
TM

 (PLS
TM

) instruments deployed across the CONUS.  

The average sensor baseline, or distance between sensors, was approximately 250 km.  

Four central processing systems collected and analyzed the incoming observations at two 

processing centers, one located in Melbourne, FL, and one previously located in Norman, 

OK (Neilley and Bent 2009).  Figure 4 displays the distribution of sensors across the 

CONUS, which are presently up to 160 sensors (WSI 2010).  Clearly, the sensor 

distribution around KSC/CCAFS is relatively dense compared to the rest of the CONUS.  

Thus, the performance metrics calculated in this study are likely better than what would 

be discovered if calculated in other regions around the CONUS. 

In 2007, WSI acquired the share of the network previously owned by WDT, Inc. 

while TOA Systems, Inc. retained the other portion.  WSI began an expansion project on 
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the network that was completed in 2008.  At completion, 29 more sensors were added to 

the network.  Locations for the sensors were chosen to allow for expanded coverage into 

Canada, Alaska, Mexico, portions of the Caribbean Sea, and the northern reaches of 

South America.  With expansion across the continent, the network was renamed as the 

North American Precision Lightning Network
SM

 (NAPLN
SM

).  Since this study was 

focused on the CONUS only, the name USPLN was maintained for consistency.  In 

addition to the network expansion, the Oklahoma processing center was relocated to 

Massachusetts (Neilley and Bent 2009).  More sensors were continually being added in 

order to establish the beginning of the Global Lightning Network
®
 (GLN

®
), a lightning 

detection network that spans across numerous continents (Neilley and Bent 2009). 

 
 

Figure 4. Map showing the distribution of USPLN sensors over the CONUS (WSI 2010). 

 

As stated earlier, the USPLN contains PLS detection instruments produced by 

TOA Systems, Inc.  Each sensor contains a 1 m whip antenna, GPS receiver, GPS 

antenna, and local signal processor.  The whip antenna is tuned to detect lightning 
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waveform characteristics within a frequency range of 100 Hz (low frequency) to 400 kHz 

(very low frequency).  Sensor gain is auto-adjusted based on local noise levels at the 

sensor location.  GPS synchronization is not used for the actual timing of the lightning, 

but rather for accurate timing within the sensor.  A 50 mHz stable local oscillator is 

synchronized with GPS time at a frequency of 1 Hz.  Signal samples are taken at an 

interval of about 20 µs, and recording of the lightning waveform begins once the signal 

exceeds a set threshold.  Data collected include the peak signal strength magnitude and 

time, the time the signal threshold is first exceeded, and the time the signal strength falls 

below the threshold.  The USPLN is a stroke-based detection system, so this process is 

completed for all detected strokes (Neilley and Bent 2009). 

After recording is completed, the collected data are sent to the central processors.  

The processors wait 10 seconds to receive data from all sensors before beginning the 

location analysis process.  The USPLN strictly uses time of arrival techniques to 

determine the stroke location and time.  Stroke locations are initially estimated from three 

“triangle-forming” sensors that detect the stroke.  The location is then refined using 

predetermined optimized (i.e. the configuration with the smallest geometric dilution of 

precision) solution triads (Neilley and Bent 2009).  Once the location is generated, it is 

quality controlled by using Ip estimates from the sensors.  A fourth sensor is introduced 

here which must locate the stroke temporally (within a time of 1.5 µs) and spatially 

(within 500 m) near the determined location by the previous three sensors.  If Ip estimates 

for all four sensors are within 30%, the location solution is accepted.  If not, the solution 

is rejected and the location process begins again.  This is run continuously until no 

options are left.  Once the location is determined, the location error ellipse is calculated 
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by using a 0.48 µs
2
 time error variance.  This time error variance equation was derived 

using side-by-side sensors for strokes within 500 km.  USPLN stroke Ip is estimated 

using Uman’s model instead of a derived regression equation, which is used by the 

NLDN and CGLSS-II (Neilley and Bent 2009).  Once the location, error estimates, and Ip 

are established, one final threshold is used to distinguish CG and IC strokes.  The signal 

return time for each sensor is derived by simply taking the difference between the time of 

the measured peak signal and the time the signal falls below the set threshold.  If the 

signal return time for all four sensors is less than 10 µs, the stroke is classified as IC 

(Neilley and Bent 2009). 

USPLN live output is sent out to users via the internet, and is often received 

within 15 seconds of the stroke occurrence.  The formatted data contain the location, 

time, Ip, and ellipse error estimates for each individual stroke detected (Neilley and Bent 

2009). 

An advantage to having a large network of sensors, such as the USPLN, is 

redundancy.  Figure 5 displays the distribution of reported strokes from April 2008 to 

December 2008 based on the number of sensors reporting the stroke.  The distribution 

shows that the majority of strokes were detected by at least 10 USPLN sensors.  This 

redundancy allows for better computation of stroke locations due to an increase in the 

number of possible solution combinations (Neilley and Bent 2009).   

Due to the large sensor baseline, it seems logical that low current strokes would 

have a lower detection rate or be incorrectly analyzed by the network.  In theory, low 

current strokes may not produce enough of a signal to exceed dynamic thresholds at the 

sensors, resulting in a missed detection.  This theory is supported by Ward et al. (2008b) 
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which concluded that the NLDN missed about 2% of the total events sampled in their 

analysis.  A large portion of those missed events were low current strokes (Ward et al. 

2008b).  In addition, the combination of low signal readings and noise can cause a 

misrepresentation of the lightning waveform.  This may result in inaccurate timing of the 

peak signal, and since this network solely depends on time of arrival techniques, the 

timing and therefore location of the stroke may be inaccurate (Neilley and Bent 2009). 

 
 

Figure 5. Histogram of NAPLN reported strokes versus the number of sensors detecting 

the stroke for all data from 1 Apr – 31 Dec 2008 (Neilley and Bent 2009). 

 

 Verification of lightning detection networks with ground-truth data is a difficult 

process.  Timed video triangulation is one method to help determine the time as well as 

the location of the event, but this process is quite labor intensive and does not give any 

insight into Ip estimation (Roeder et al. 2005).  In order to validate Ip, one would need a 

direct measurement from the stroke.  This experiment could be completed within the 

KSC/CCAFS area by outfitting the network of weather towers with instruments that 

directly measure Ip.  At the present time, this project has yet to be undertaken (Roeder 

2010, unpublished manuscript).  However, some detection and video equipment have 

recently been added to Space Shuttle Launch Complex-39B (Mata and Rakov 2011). 
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 Thus, previous studies on lightning system validation have revolved around the 

comparison of detection systems, as did this study.  Ward et al. (2008b) conducted a 

comparative analysis between CGLSS-I and the NLDN over the KSC/CCAFS area.  Note 

that the NLDN and USPLN had a similar distribution of sensors across the CONUS, so 

this study was an excellent source for methodologies.  Data during the summer months 

(June through August) of 2005-2006 were selected for this experiment.  The four days 

that were most active (i.e. largest number of events) were selected for further analysis.  

The selected data were scaled down to events reported within a 100 km radius centered 

near the Space Shuttle Launch complexes (Ward et al. 2008b).  At first examination, the 

number of NLDN events was drastically greater than the number of CGLSS-I events.  

Recall that CGLSS-I only had the capability to archive information on one stroke in a 

lightning flash (Roeder et al. 2005).  The NLDN data that were obtained contained 

information for each stroke, which resulted in a much larger sample of data over the same 

time period (Ward et al. 2008b). 

 Events between the two networks had to be correlated (i.e. matched) in order to 

continue with the comparative analyses.  In this project, Ward et al. (2008b) considered 

events to be time-correlated if the CGLSS-I event was within a 2 ms interval after the 

time of the corresponding NLDN event.  An interval of 2 ms was chosen based on how 

the time of the event was determined for each network.  The resultant subset of data was 

then used for DE, location accuracy, and Ip accuracy analyses (Ward et al. 2008b). 

 The DE analysis was conducted in two fashions.  The CGLSS-I event dataset was 

first distributed into 2 kA pI
 
bins.  Time-correlated NLDN events were then distributed 

to determine how the NLDN flash DE varied as a function of NLDN pI .  The two charts 
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in Figures 6 and 7 display the results of this first analysis.  The NLDN failed to report 

17.5% of the CGLSS-I events that had pI  lower than 12 kA.  Since 12% of the events 

reported by CGLSS-I were lower than this threshold, the NLDN missed approximately 

2% of the total event reports due to low current events (Ward et al. 2008b).  This result 

was not completely unexpected, since the NLDN has a much larger sensor baseline and is 

more likely to not detect low current strokes. 

 
 

Figure 6. Histogram of the frequency of CGLSS-I events (red) and those same events 

that were also detected by the NLDN (blue) as a function of Ip (Ward et al. 2008b). 

 

 However, the NLDN likely would do better than CGLSS-I with high current 

strokes.  This hypothesis was tested using the same process as above, except the data 

input were reversed and a quality control check was introduced.  NLDN events were first 

separated into 2 kA bins, and any corresponding CGLSS-I events were then added.  The 
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CGLSS-I Ip values were corrected using an equation slope calculated from the Ip 

accuracy analysis, in order to approximately match NLDN values.  The results showed 

that CGLSS-I did not report 28% of the high current ( pI ≥ 50 kA) events reported by the 

NLDN.  As mentioned earlier in this chapter, this meant that CGLSS-I missed about 

2.8% of the total events due to high current problems attributed to the CGLSS-I sensor 

saturation problem (Ward et al. 2008b). 

 
 

Figure 7. Derived NLDN relative DE curve as a function of Ip, using the frequency data 

in Figure 6.  The error bars represent values of one standard error assuming a normalized 

binomial distribution (Ward et al. 2008b). 

 

 For the location accuracy analysis, distances between time-correlated event 

positions were calculated and plotted on Figure 8 in 200 m bins.  A cumulative 

distribution is also plotted to visually display the median position difference, which for 

23 July 2006 was 683 m.  The average median position difference for the four days 
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analyzed was 656 m (Ward et al. 2008b).  This measurement was consistent with 

estimates of 300 m for CGLSS-I and 600-700 m for the NLDN over this region of the 

CONUS (Cummins et al. 2006).  This result also was a steady improvement over 800 m 

calculated from data in 1996, likely because more low current strokes were detected by 

both networks, as sensor accuracy and sensitivity improved (Ward et al. 2008b). 

 
 

Figure 8. Histogram of time-correlated events by calculated distance between CGLSS-I 

and NLDN locations.  Secondary axis denotes cumulative distribution showing the total 

fraction of strokes with distances less than or equal to the given value.  The red line 

denotes the 50th percentile distance (Ward et al. 2008b). 

 

 The Ip analysis involved just a simple linear regression comparing the Ip values 

between the CGLSS-I and NLDN events.  Ward et al. (2008b) discovered a very strong 

correlation between the CGLSS-I and NLDN Ip values for 23 July 2006.  The graph on 

Figure 9 produced a coefficient of determination (r
2
) of 0.95.  The calculated root mean 

square error was 2.6 kA, with most of the variation occurring in the high positive Ip and 
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low negative Ip regions.  On average, as the regression slope indicates, CGLSS-I Ip 

readings were slightly higher than the NLDN.  This was partially expected since the 

CGLSS-I Ip estimation used a larger scaling coefficient for the signal strength than the 

NLDN (Ward et al. 2008b). 

 
 

Figure 9. Scatter diagram of Ip values recorded by the NLDN and CGLSS-I networks for 

all time-correlated events on 23 July 2006.  The linear regression equation and resultant 

r
2
 value are displayed at the top of the diagram (Ward et al. 2008b). 

 

 In addition to the study above, comparative studies between the NLDN and 

CGLSS-I also included attempts to identify events as CG or IC.  Low current events from 

the summer (1 June – 31 August) of 2006 were analyzed further by Ward et al. (2008a) to 

determine points of NGC for strokes.  Data from the NLDN and Lightning Detection and 

Ranging I (LDAR-I) systems were used to check if CGLSS-I correctly analyzed an event 

as the first stroke in a flash, a stroke that produced NGC, a stroke that occurred in a PEC, 
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or misclassified IC stroke.  For this analysis, data within a 20 km radius of the LDAR-I 

central location were selected.  CGLSS-I events were selected if pI
 
was less than 7 kA, 

and if the event was separated by 0.5 s temporally and 2 km spatially from any other 

event reported by CGLSS-I (Ward et al. 2008a).  The study revealed that only 68% (78 of 

114) of the low current events were correctly classified as CG strokes based on 

comparisons with NLDN and LDAR-I data.  That left 32% as either IC or unclassified 

strokes (Ward et al. 2008a). 

 The USPLN had been tested through a combination of simulation techniques as 

well as fixed tower case studies.  To simulate network performance, random CG strokes 

with expected Ip values were generated across the area of interest.  The expected signal 

received at each sensor was then estimated using the same process as the PLS sensors.  

Processing and location determination were conducted in the same manner as if the 

events were actually occurring.  A comparative dataset between the “estimated” strokes 

and the “simulated” strokes was then generated, and mean differences between the two 

datasets were calculated.  Network simulation produced a stroke DE of over 95% for 

most of the United States, including the Florida peninsula.  Location accuracy analyses 

resulted in a mean location error of less than 250 m between the true simulated strokes 

and the strokes estimated by the network (Neilley and Bent 2009).  Fixed tower analyses 

were also consulted to analyze USPLN network performance.  As one example, a study 

was conducted using a 549 m tower near Miami, FL during the summer of 2008.  During 

that summer period, eight strokes were detected within a 600 m radius of the tower, 

which is displayed in Figure 10.  Assuming all eight strokes actually struck the tower, the 
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calculated mean location error was 186 m, well within the 250 m determined from the 

simulation (Neilley and Bent 2009). 

 
 

Figure 10. Location analysis of 2008 USPLN strike locations (blue points) centered 

around a WCIX tower (red point).  Red range rings represent 200 m increments of radial 

distance away from the tower, with the smallest ring representing 100 m (Neilley and 

Bent 2009). 

 

c. Objectives 

 The USPLN network had been tested using simulations and short-term case 

studies, but a long-term performance evaluation had not been completed.  The goal of this 

thesis was to validate archived and live output from the USPLN for an extended temporal 

period.  The CGLSS-II datasets provided a strong verification dataset for comparison.  

CGLSS had a high stroke DE (~96%), with only a small weakness detecting high current 
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strokes.  It was expected that the USPLN will detect any high current strokes CGLSS 

misses.  CGLSS location accuracy measurements were also known, so it was possible to 

derive USPLN location error using these measurements and the distance between 

reported strokes.   

 A large sample of cases provided better representation of the average performance 

without introducing bias to particular events.  In addition, variation was examined to 

determine how robust the USPLN was throughout the study period.  Sub-periods for the 

study were determined based on the history and upgrades to both networks. 

 Analysis techniques utilized by Ward et al. (2008b) provided a basis of 

comparison.  The nature of this study is extremely similar to that of Ward et al. (2008b), 

so using similar performance evaluations was logical.  Additional performance metrics 

and analysis techniques were also consulted for expanded analyses. 
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CHAPTER 2 

2. Data and methodology 

a. Data 

 1) CGLSS-II DATA AND FORMATTING 

 The two main sources of data acquired for this comparative study were CGLSS-II 

and USPLN stroke data.  CGLSS-II stroke data were provided from two sources.  The 

primary source was from the 45 WS for a period beginning 20 May 2008 to 31 August 

2010.  Table 1 describes the format and variables included, while Figure 11a presents an 

example from 15 June 2010.  Note that the number of sensors in the stroke solution is 

displayed, not the number of sensors detecting the stroke.  The error ellipse data represent 

the characteristics of the derived 95% confidence error ellipse. 

 A secondary source for CGLSS-II was used to effectively fill in any gaps from the 

data provided by the 45 WS.  CGLSS-II stroke data were also acquired from the NASA 

Spaceport Weather Data Archives for the same period.  These data are in a similar format 

with a few notable changes.  First, the latitude and longitude are given in Degrees 

Minutes Seconds (DMS).  Second, multiplicity is also listed.  Multiplicity is the number 

of strokes per flash, with values of one or higher.  However, in this case the multiplicity 

is set to zero since it is undefined for stroke data.  This was simply done in order to 

maintain consistency between the CGLSS-I and CGLSS-II databases.  Third, a 

classification for real and test strokes is included.  Fourth, the same 95% confidence error 

ellipse data is available but only after 18 June 2010.  Fifth, the sensor identification 

number is displayed if it detected the stroke.  This does not necessarily mean that the data 

from the listed sensor is used in the stroke solution.  A complete listing of the variables 
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can be seen in Table 1, with an example of stroke data from 15 June 2010 displayed in 

Figure 11b. 

 

Table 1. Listing of variables in reporting order for each of the CGLSS-II stroke data 

formats acquired.  Note that DMS stands for Degrees Minutes Seconds.  Error ellipse 

information is based off of the generated 95% confidence error ellipse for each stroke. 

 

Data Type CGLSS-II provided by 45 WS CGLSS-II provided by NASA  
Format Text Text 

Delimiter Space Space 

Variables 

(units) in 

output order 

Date 

Report time (UTC) 

Latitude (degrees) 

Longitude (degrees) 

Peak current (kA) 

Error ellipse semi-major axis (km) 

Error ellipse semi-minor axis (km) 

Error ellipse orientation (degrees) 

# Sensors used in stroke calculation 

Date (reported only after 6/1/2010) 

Report time (UTC) 

Latitude (DMS) 

Longitude (DMS) 

Peak current (kA) 

Multiplicity 

Test/real stroke classification (t/r) 

Error ellipse semi-major axis (km) 

Error ellipse semi-minor axis (km) 

Error ellipse orientation (degrees) 

Sensor # displayed if stroke is detected 

 

 2) USPLN DATA AND FORMATTING 

 USPLN archive stroke data were provided by WSI for a period spanning 30 May 

2004 to 30 April 2010.  The original data files were in the form of monthly Comma 

Separated Value (CSV) files.  A script written using the programming language Perl 

distributed them into daily CSV files.  The variables included can be found in Table 2, 

with an example from 1 June 2009 displayed in Figure 11c.  For this subset, 95% 

confidence error ellipse information is available for all events after 1 October 2007 

(Rauenzahn 2010, personal communication).  Multiplicity is listed but is a non-factor 

since each stroke is processed, so the value is set to 1 by default.  If a stroke is classified 

as IC, Ip is set to 0 amps. 
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Figure 11. Examples of raw lightning data formats for (a) CGLSS-II data provided by 45 

WS, (b) CGLSS-II data acquired via the NASA Spaceport Weather Data Archives, (c) 

USPLN archived data, and (d) USPLN live data. 

 

 USPLN live stroke data were acquired in real-time by WSI via Local Data 

Manager (LDM) at Plymouth State University from 1 May 2010 to 31 August 2010.  The 

LDM software was configured to gather live USPLN data and place it on an accessible 
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server at Plymouth State University for this study.  These hourly CSV files were 

combined into daily CSV files to match the preceding data types.  At the same time, file 

size was reduced by limiting the stroke data to a 7 degree by 8 degree latitude-longitude 

box surrounding KSC/CCAFS, which can be seen on Figure 12.  This is done since the 

initial live data covered the entire USPLN network.  Table 2 and Figure 11d explain that 

live USPLN data are formatted differently from the archived data.  First, the date and 

time are separated by the letter “T”, rather than the use of a comma.  Second, the legacy 

multiplicity variable is eliminated from the live output.  Third, strokes with Ip of 0 kA are 

still classified as IC strokes, with all other strokes classified as CG.  Fourth, the true/false 

indicators are also eliminated since the Ip rule is applied. 

 

Table 2. Listing of variables in reporting order for each of the USPLN stroke data 

formats acquired.  Note that CSV stands for Comma Separated Value.  Error ellipse 

information is based off of the generated 95% confidence error ellipse for each stroke 

(Rauenzahn 2010, personal communication). 

 

Data Type USPLN Archived  USPLN Live 
Format CSV CSV 

Delimiter Comma Comma 

Variables 

(units) in 

output order 

Report date/time (UTC) 

Received date/time (UTC) 

Report milliseconds (ms) 

Latitude (degrees) 

Longitude (degrees) 

Peak current (amps) 

Multiplicity 

IC Stroke (true/false) 

CG Stroke (true/false) 

Error ellipse semi-major axis (km) 

Error ellipse semi-minor axis (km) 

Error ellipse orientation (degrees) 

Report date|T|time (UTC) 

Latitude (degrees) 

Longitude (degrees) 

Peak current (kA) 

Error ellipse semi-major axis (km) 

Error ellipse semi-minor axis (km) 

Error ellipse orientation (degrees) 
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Figure 12. Map of the region chosen (black shaded) to restrict USPLN live data. 

 

 3) FOUR DIMENSIONAL LIGHTNING SURVEILLANCE SYSTEM DATA 

 A third source of lightning data was selected for use with the individual case 

studies.  The Four Dimensional Lightning Surveillance System (4DLSS) is used for total 

lightning detection at KSC/CCAFS.  The output combines data from the Second 

Generation Lightning Detection and Ranging (LDAR-II) and CGLSS-II networks.  

LDAR-II detects the individual step leaders and other IC lightning mechanisms of a 

lightning flash, and determines their locations and altitudes (Flinn et al. 2010).  Previous 

studies utilized LDAR-I data in a method to determine whether a recorded flash was IC 

or CG.  A CG stroke was identified by leaders appearing at lower altitudes sequentially 

over a short amount of time (Ward et al. 2008a).  Therefore, a similar approach could be 

done for this study using LDAR-II. 

 The 4DLSS data were provided via the NASA Spaceport Weather Data Archives.  

The format is quite different compared to both CG stroke datasets.  Space delimited files 
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are acquired and combined into one large file per day.  For each observation, the Julian 

day, time (UTC), Cartesian coordinates (m), and event type are listed.  The Cartesian 

coordinates represent the distances in the x, y, and z directions from KSC’s LDAR-II 

central site, which is located at 28° 32’ 18.55” N and 80° 38’ 33.48” W and is displayed 

on Figure 13 (NASA 2010).  The event type is listed as CGLSS (a CG stroke detected by 

CGLSS-II), 4DLSS (a leader detected by LDAR-II), or CAL (a simulated event to verify 

operational status).  The CGLSS-II events match those found in the acquired CGLSS-II 

stroke data.  When the retrieved 4DLSS files were combined, all CAL events were 

filtered from the data. 

 
 

Figure 13. Example of KMLB WSR-88D composite reflectivity for 1702 UTC 15 June 

2010, plotted using IDV.  The LDAR-II central site location is labeled on the image with 

a yellow diamond. 

 

 Utilization of the 4DLSS dataset was confined to only a few specific case studies.  

The 4DLSS archives have extremely large file sizes, and acquiring and manipulating the 
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dataset for the entire period of study would be difficult and time consuming.  Even after 

the filtering of CAL events, the files remain burdensome to use due to the large file sizes 

and vast quantities of leader points registered by LDAR-II. 

 4) RADAR IMAGERY 

 In addition to the 4DLSS lightning data, radar data were also acquired for use 

with the individual case studies.  Melbourne, FL (KMLB) WSR-88D composite radar 

reflectivity images were obtained from the National Climatic Data Center Radar Archives 

(NCDC 2010).  Supportive radar imagery data were also provided by the CCAFS/KSC 

Warm-Season Convective Wind Climatology database (Plymouth State University 2010).   

The convective wind database is specially designed for focus on the KSC/CCAFS region 

and contains data for the warm-season months (May-September) back to 1995.  The case 

studies were selected from these months since the majority of convection, and therefore 

lightning, occurs during the warm-season months. 

 To display the radar images, the Integrated Data Viewer (IDV) version 2.9 

software was used, since it allows for easy plotting of radar data directly collected from 

NCDC without any needed file conversion.  The software also is capable of overlaying 

point data onto the radar imagery based on the points’ position and time coordinates.  

This was extremely useful since lightning data can simply be converted to a format useful 

for IDV and examined with respect to the radar imagery, without the need to edit any 

files manually (Unidata 2010).  An example of this is displayed in Figure 13, where radar 

imagery and point data containing the LDAR-II central site location are plotted on the 

same image using IDV. 
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b. Temporal periods and spatial restrictions 

 The time period selected for this project spans from 20 May 2008 to 31 August 

2010.  A beginning date of 20 May 2008 was selected due to the onset of available 

CGLSS-II stroke data.  CGLSS-I was not used for comparison in this study for two 

reasons.  First, CGLSS-I data contain information on flashes only, which would require 

converting the USPLN data into flashes in order to maintain a direct comparison analysis.  

This conversion could introduce artifacts (due to the chosen flash algorithm) that would 

be unfair in the evaluation of the USPLN.  Second, the stroke occurrence times listed in 

the available CGLSS-I data are accurate to seconds only.  The lack of millisecond data 

causes a problem when correlating flashes and strokes between the two networks, since 

many strokes can occur within one second of time.  Assumptions would then need to be 

made on distances between strokes, which should be avoided to prevent possible bias 

intrusion.  Therefore, CGLSS-II stroke data will only be used for comparison. 

 The decision to limit the period of study to this length is also justified by the 

comparative analysis conducted by Ward et al. (2008b), which used only six months of 

data over a two year period.  In contrast, this study includes data for 17 full months, and 

includes three full summer periods.  Thus, the selected period of study provides a large 

number of cases to formulate an average USPLN performance. 

 Within the overall time period selected, several sub-periods needed to be defined 

due to changes in network hardware and software.  After researching the main history of 

both CGLSS-II and USPLN, three sub-periods were defined based on discrete changes to 

CGLSS-II performance.  Table 3 displays the starting and ending points of each sub-

period, as well as a brief description of defining events.  Sub-period I begins with the 
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onset of CGLSS-II data on 20 May 2008 and extends until 25 July 2009.  Recall that on 

26 July 2009 CGLSS-II sensor #2 was damaged by a lightning strike.  Data from 26 July 

2009 to 11 August 2009 will not be used in this project due to unknown CGLSS-II 

network performance metrics.  Sub-period II begins on 12 August 2009, the day after 

CGLSS-II sensor #6 was relocated to sensor #2, and ends on 17 February 2010.  Sub-

period III begins on 19 February 2010, the day after vendor configuration software for 

CGLSS-II was reset, and extends until the end of the study period on 31 August 2010.  

Changes to the USPLN are mostly due to the continual addition of new sensors and 

individual sensor outages, which are applied in the quality control section of this study. 

 

Table 3. Start dates, end dates, and defining events of the selected sub-periods. 

  

Sub-Period Start Date  End Date Defining Events 
I 20 May 2008 25 July 2009 20 May 2008: CGLSS-II data inception 

26 July 2009: Sensor lightning strike 

II 12 Aug 2009 17 Feb 2010 11 Aug 2009: Sensor move completed 

III 19 Feb 2010 31 Aug 2010 18 Feb 2010: CGLSS-II software reset 

 

 Spatial limitations also needed to be applied since the CGLSS-II coverage is only 

a small subset of the much larger USPLN coverage.  It has been well documented (Boyd 

et al. 2005; Flinn et al. 2010; Roeder 2010, unpublished manuscript) that CGLSS-II is 

most accurate within the bounds of the network.  Thus, it seems logical to restrict the 

study region to within the bounds defined by the CGLSS-II sensor distribution.  The map 

on Figure 14 illustrates the polygon region defined by connecting adjacent sensors.  The 

latitude and longitude locations of the CGLSS-II sensors, seen in Table 4, were used to 

derive boundaries for the region of interest (45 RMS/RMOE 2010).  Note that the region 

of interest was created using the current five-sensor configuration, which explains why 

sensor #6 (Tosohatchee) is not included.  CGLSS-II data is restricted to this region for all 
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further analyses.  USPLN data was not initially restricted to this region, which is 

explained in the USPLN decoding and stroke correlation procedures. 

 
 

Figure 14. Map of the selected region of interest (black-shaded) for this project based on 

the current five-sensor CGLSS-II configuration.  Recall that the Tosohatchee sensor was 

moved to replace the damaged Melbourne sensor in 2009 (modified from Lambert et al. 

2005). 

 

 

Table 4. Latitude and longitude coordinates of the five CGLSS-II sensors used to define 

region of interest in Figure 14 (45 RMS/RMOE 2010).  Locations were converted from 

the provided format in DMS to decimal degrees. 

 

Sensor # Sensor Site Latitude Longitude 
1 CCAFS 28.4592 -80.5902 

2 Melbourne 28.1041 -80.6275 

3 Deseret 28.2718 -80.9464 

4 Seminole 28.6107 -80.9592 

5 Shiloh 28.8229 -80.8397 
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c. Decoding and initial quality controls 

 1) CGLSS-II DATA 

 Given the varying formats between datasets, a common format was selected for 

decoding, analyzing, and comparing data between the two networks.  The CSV format 

was selected largely because of compatibility with statistical and visual display programs.  

Common variables between formats were also chosen and altered such that they matched 

in the converted data, allowing for direct comparison.  These variables include the time of 

occurrence, latitude, longitude, Ip, and error ellipse information (when available). 

 Three separate Perl scripts were used to first convert the raw CGLSS-II data from 

both sources into a common format, and then combine the two sources into one complete 

dataset.  Two of the three scripts converted the respective text data into daily CSV files.  

For both formats, the stroke occurrence time was separated into hours, minutes, and 

seconds.  The seconds are rounded to the nearest ms to match all other formats.  For the 

NASA Spaceport format, latitude and longitude values are converted from DMS to 

degrees and rounded to match the format provided by the 45 WS.  All other variables 

remain in the same units. 

 Before strokes were written to output files, quality controls were implemented 

into the two scripts to reduce and eliminate erroneous data.  First, linear functions were 

derived to restrict converted data to the region of interest displayed in Figure 14.   The 

following linear inequalities were derived based off the coordinates of the CGLSS-II 

sensor locations seen in Table 4: 

 
,85.7945098.9  xy
 (1) 

 
,3.145259.0  xy
 (2) 
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,3.2111432.26  xy
 (3) 

 
,4.1727761.1  xy
 (4) 

 
,973.884572.1  xy
 (5) 

where x is the longitude in decimal degrees, and y is the latitude in decimal degrees. 

A second quality control involved eliminating weak positive current strokes between 0 

and 10 kA.  It has long been considered that strokes with weak positive Ip are likely 

misclassified IC strokes (Roeder 2010, personal communication).  While the positive Ip 

threshold used for IC stroke filtering has decreased recently (as instruments became more 

sensitive), eliminating all strokes with Ip between 0 and 10 kA provided high confidence 

that most IC strokes have been filtered.  Low negative current strokes were not 

eliminated since subsequent CG strokes after a first stroke can have 
pI  as low as 2 kA 

(Ward et al. 2008a).  A third quality control eliminated any test strokes from the data.  

The stroke classification variable provided in the NASA Spaceport data was used to 

eliminate test strokes. 

 Strokes that pass the quality control tests were then written to output CSV files in 

the converted data format.  The next step involved combining the two sources of data 

together to form one complete set of CGLSS-II strokes.  To execute this, a third Perl 

script examined the two output files for a given day.  If a stroke found in the 45 WS 

output matched a stroke in the NASA Spaceport output, the information provided by the 

45 WS was retained.  Any strokes from both datasets that were not matches were also 

printed to the final output file.  Thus, this script effectively filled any gaps in the 45 WS 

data with data from the NASA Spaceport Archives.  The result was the final CGLSS-II 

output file to be used in comparison with the USPLN data. 
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 2) USPLN DATA 

 Another Perl script was used to convert USPLN archive data into a file format 

matching that of the converted CGLSS-II data.  The time of occurrence was distributed 

into hours, minutes, and seconds.  The milliseconds (listed separately) were combined 

with the time data.  Latitude and longitude remained in degrees.  The value for Ip was 

converted from amps to kA.  Error ellipse axes and ellipse orientation remained in same 

format.  A similar Perl script was used to convert the USPLN live data.   The time was 

separated from the date and distributed in the same manner as the archive data.  All other 

variables remained in the same form, since no conversion is necessary. 

 The CGLSS-II initial quality controls were not applied to the converted USPLN 

output files for several reasons.  First, the data should not have been initially restricted to 

the region of interest.  This would have caused a bias when attempting to match USPLN 

strokes to CGLSS-II strokes, especially near the edges of the study region.  A match may 

have been missed if the CGLSS-II stroke was within the interest region while the USPLN 

stroke was outside.  Second, IC strokes were not eliminated since this would have biased 

the stroke DE analyses.  Eliminating IC strokes would have made an assumption that the 

USPLN always correctly classified CG and IC strokes, which was evaluated as part of the 

case study analyses. 

 3) ADDITIONAL QUALITY CONTROLS 

 Once the converted data files were created, an additional Perl script scanned 

through each file examining for repeated strokes.  The rapid processing of stroke data in 

real time could possibly result in repeated data, so this was a precautionary step to 

eliminate any redundancy problems.  The script simply reads through each converted file 
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looking for matching strokes.  If a match was discovered, the repeated stroke was 

eliminated. 

 After repeats were eliminated, two additional variables were created for each 

converted data file.  These variables were used to flag the stroke data from both networks 

based on USPLN Florida sensor outage data.  WSI, Incorporated provided a list of sensor 

outages lasting at least two hours for the nine USPLN sensors located in Florida 

(Krajewski 2010, personal communication).  The first flag variable simply listed the 

number of offline sensors at the stroke report time.  The second variable identified the 

offline sensor using a coded letter.  Multiple letters indicated multiple offline sensors.  

The string “NA” was displayed if no sensor outages were occurring.  The converted data 

files were complete once the USPLN outage data was added.  Figure 15 displays the final 

converted data formats for both networks and the variable list names and units that apply 

to all three formats. 

 The majority of the DE and LA analyses required the presence of CGLSS-II 

stroke data.  Therefore, days when no CGLSS-II strokes were recorded within the region 

of interest were separated for most of the analyses.  However, one must consider the 

possibility of false alarms by the USPLN (i.e. detected strokes by the USPLN when 

CGLSS-II detects none).  False alarms were considered as part of the thunderstorm DE 

analysis. 
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Figure 15. Examples of the final converted data formats for (a) CGLSS-II combined 

data, (b) USPLN archived data, and (c) USPLN live data.  (d) Provides a list of variables, 

and respective units, that apply to all three formats shown. 

 

d. Stroke correlation procedure 

 All comparison procedures required knowledge of matching strokes that were 

detected by both networks (i.e. correlated strokes).  Correlated stroke information formed 

the fundamental basis for the stroke DE and location accuracy estimates.  Ward et al. 
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(2008b) used a simple time-correlation procedure based off how the NLDN and CGLSS-I 

determined stroke occurrence time.  They considered NLDN and CGLSS-I strokes time-

correlated if the CGLSS-I stroke occurred within 2 ms after the NLDN stroke, with no 

distance threshold mentioned (Ward et al. 2008b).  A study of the ATDNet and Meteo-

France lightning detection networks in Europe revealed that the time difference between 

correlated strokes was on the order of µs, with very few strokes producing a time 

difference approaching ±1 ms (Gaffard et al. 2008).  These networks utilize GPS clock 

synchronization, as do both CGLSS-II and USPLN. 

 A test was conducted to determine if a similar time-correlation procedure could be 

used in this study.  Six of the busiest (i.e. largest number of strokes) CGLSS-II days were 

selected for this test.  For each day, a Perl script matched a CGLSS stroke with a 

corresponding USPLN stroke if the time difference between the two was less than 0.5 s.  

Repeated correlations were eliminated by preserving the closest match temporally.  The 

distribution of time differences for each day was then examined to determine an 

appropriate time threshold for correlation.  Table 5 displays the distribution of matching 

strokes where the time difference is less than 10 ms.  All six days indicate that a small 

threshold for time-correlation should be used.  Given the results of this test, previous 

work conducted, known GPS timing errors for both CGLSS-II (±300 ns) and USPLN 

(±100 ns), and a conservative approach, strokes for this study were considered time-

correlated if the USPLN event occurred within ±3 ms of the corresponding CGLSS-II 

event. 

 

 

 



39 

 

Table 5. Distribution of matching strokes where the time difference was less than 10 ms.  

These results were used to help select the time threshold for the correlation procedure. 

 

Date < 2 ms 2 – 4 ms 4 – 6 ms 6 – 8 ms 8 – 10 ms Total 
23 June 2008 2724 19 12 12 13 2780 

21 July 2008 1214 1 8 3 5 1231 

1 Sep 2009 966 3 0 0 3 972 

4 Sep 2009 1201 0 7 2 1 1211 

4 June 2010 416 3 1 0 1 421 

11 July 2010 259 1 1 1 0 262 

 

 In addition to the time correlation threshold of ±3 ms, a distance filter was also 

introduced.  The filter addressed the rare occurrence that both networks detected different 

strokes at the same time.  A Perl script ingested converted CGLSS-II and USPLN data for 

the selected day.  For each CGLSS-II stroke, the script examined all USPLN strokes and 

correlated according to the time difference threshold of ±3 ms.  If a match was found, the 

distance between the matching CGLSS-II and USPLN stroke was determined.  Distance 

was calculated using the Great Circle Distance Formula, previously used by Lambert and 

Roeder (2008).  The formula was converted to output distance in km, compared to n mi, 

and is written as: 

 
          CUUCUC LONLONLATLATLATLATrd  coscoscossinsinarccose , (6) 

where d is the distance (km), re is the radius of the Earth (6371.009 km), LAT is the 

latitude (radians), LON is the longitude (radians), and subscripts C and U represent 

CGLSS-II and USPLN, respectively.  Strokes were only considered correlated if the 

calculated distance was less than 15 km.  Previous research using photometry concluded 

that most stroke distances are less than 10 km (Thottappillil et al. 1992).  Other studies 

have concluded a distance of 12 km (Flinn et al. 2010).  These distances agreed fairly 

well with trial and error examinations for this study, which revealed that less than 1.5% 
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of time-correlated events had a distance higher than 15 km.  Thus, the threshold distance 

for this project was set to 15 km.  This threshold eliminated rare cases where strokes met 

the time threshold but were not truly correlated (i.e. both networks were not detecting the 

same stroke but instead detecting different strokes that happen to occur at the same time).  

If strokes met the time threshold of ±3 ms and distance threshold of less than 15 km, they 

were written to the output file. 

 Two quality control checks were used with the correlated stroke files.  The first 

check was applied to eliminate repeated use of CGLSS-II strokes.  This was for the 

extremely rare occurrence that one CGLSS-II stroke was correlated to multiple USPLN 

strokes that surpassed the time and distance thresholds in the correlation script.  In this 

instance, the correlation with the closest distance was retained.  The second check 

involved simple manual filtering of matched stroke pairs that made it through the initial 

time and distance thresholds.  Stroke pairs were eliminated if they were “deemed” 

suspicious based on the additional parameters that described the stroke.  For example, 

opposite polarities or an extremely large discrepancy in Ip estimations (≥ 50 kA) would 

have highlighted a suspicious stroke pair.  It should be noted that a very conservative 

approach was taken for the manual filtering since concrete proof (e.g. video evidence) of 

most stroke locations was not available. 

e. Detection efficiency 

 1) AVERAGE STROKE DETECTION EFFICIENCY 

 The first performance metric often evaluated for lightning detection systems is 

detection efficiency.  Detection efficiency can be defined in many ways, but flash DE and 

stroke DE are most common.  Since both networks in this study produced stroke data, 
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stroke DE was chosen as the primary DE performance metric.  Recall that CGLSS-II 

maintains a high stroke DE near 96% within the bounds of the network, with the 

remaining 4% largely comprised of high current strokes which saturate the network. 

 The first analysis involved simply computing the total DE of the USPLN for each 

day on which CGLSS-II strokes were reported.  This method, as does most of this study, 

essentially assumes all remaining CGLSS-II strokes were valid CG strokes.  The method 

calculated the rate at which the USPLN matched those strokes.  This approach is similar 

to Lagouvardos et al. (2009) which produced daily stroke DE values for the ZEUS 

lightning detection network using LINET lightning detection network data over Western 

Europe.  In that case, it was assumed that LINET strokes were valid. 

 Stroke DE for each day was calculated using the following simple ratio: 

 
,

CGLSS

COR
DE   (7) 

where COR is the number of correlated strokes and CGLSS is the total number of 

CGLSS-II strokes detected.  Essentially it is the ratio of the number of CGLSS-II strokes 

detected by the USPLN over the total number of CGLSS-II strokes.  The ratio can then 

be converted to be expressed as a percentage, if desired.  In addition to the calculated 

value, a daily variance was determined through the use of a normalized binomial 

distribution, assuming stroke detections are independent events, using the following 

equation: 

 
,

)1(

CGLSS

DEDE
VAR


  (8) 

where VAR is the variance, and DE and CGLSS refer to the same definitions as seen in 

equation (7). 
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 Once all daily stroke DE values and variances were determined; a method of 

weighted averaging was used to determine the average stroke DE and variance over an 

extended time period.  The following formula was used for computing the weighted-

average stroke DE 

 nn DEwDEwDEwDE  ...2211 , (9) 

where DE is the detection efficiency, w is the respective weight, subscripts denote the day 

number, and n is the total number of days examined (AMS 2010).  Weights for the 

average DE analysis were determined using the following equation: 

 T

i

i
CGLSS

CGLSS
w  , (10) 

where CGLSSi is the number of CGLSS-II strokes on the i
th

 day examined, and CGLSST 

is the number of CGLSS-II strokes for all days examined in the selected period.  The 

weighted variance, once again assuming independence, can then be computed as follows: 

 nn VARwVARwVARwVAR
2

2

2

21

2

1 ... , (11) 

where w, n, and the subscripts are the same as equation (9).  The use of weighted average 

methods allowed for derivation of average statistics for any desired sub-section of data.  

In this study, it seemed useful to determine the average stroke DE by sub-period and the 

number of offline USPLN sensors.  Therefore, one can determine whether the average 

stroke DE was improving over time and whether it varied greatly by alterations to the 

USPLN sensor baseline.  It was expected that the average stroke DE values will be lower 

than desired.  Exploratory analysis revealed a significant abundance of CGLSS-II strokes 

that have 
pI

 
values below 10 kA.  Previous studies showed that stroke DE generally 

decreases as stroke 
pI  decreases for the majority of detection networks (WMO 2009), 
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which is examined for the USPLN in a later analysis.  If this fact remained true for the 

USPLN, then the average stroke DE values would likely be lower due to plentiful missed 

detections at lower peak currents. 

2) PEAK CURRENT VARIATION 

 As stated previously, many previous studies pointed to a relationship between 

stroke DE and Ip.  It has been well documented (Gaffard et al. 2008; Ward et al. 2008b; 

WMO 2009) that stroke DE varies as a function of Ip, with stroke DE often increasing 

with increasing 
pI . 

 Logistic regression (LR) can be used to estimate how much of the variation in the 

stroke DE can be explained by the variation in 
pI .  LR uses a binomial response, 

compared to standard linear regression which utilizes a numeric response.  The LR model 

uses one or multiple explanatory variables to predict a binomial response.  The binomial 

response in this study is the detection of a CGLSS-II stroke by USPLN, and the lone 

explanatory variable examined is the CGLSS-II 
pI  calculation.  Once again, 

independence between detections by the networks was assumed. 

 A Perl script was used to generate a listing of binary responses and CGLSS-II Ip 

readings for each day examined.  The script read in information from the CGLSS-II and 

correlated stroke files and determined if a CGLSS-II stroke was detected.  If detection 

was found, a binomial response of 1 was given.  If no detection was found, a binomial 

response of 0 was assigned.  CGLSS-II stroke information and the binomial responses 

were written to a daily output file.  In addition, the script also created one single output 

file containing binomial response data for the entire period of study.  This single file was 

used for the LR analysis. 
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 The statistical and graphics programming environment R was used to perform the 

LR analysis (R Development Core Team 2010).  R was chosen as the primary statistics 

program for this project because of its scripting ability, extensive library of statistical 

routines, and compatibility with CSV formatted data.  It seemed logical that the LR 

results could vary based on the number of offline USPLN sensors.  The use of peak 

current as a predictor could vary if the USPLN sensor baseline significantly varies.  

Therefore, a LR model was generated for each number of offline USPLN sensors over 

Florida (e.g. zero sensors offline, one sensor offline, etc.).  Each LR model was created 

using the binary response and 
pI  data for all strokes in the period of study that met the 

USPLN sensor criterion.  For each stroke, 
pI  was calculated by simply taking the 

absolute value of the recorded Ip.  An example of the output for a LR model in R is 

displayed in Figure 16.  In particular, note the null deviance and residual deviance (listed 

as deviance) values.  The null deviance corresponds to the deviance calculated using a 

model with no predictors.  The residual deviance is the deviance calculated using the 

fitted model that was created.  The difference between the residual deviance and null 

deviance can serve as a proxy for how well the LR model fits.  The model fits better as 

the difference between the null and residual deviances increases (Manning 2007).  To 

better illustrate this relationship, a formula is used to derive a pseudo-coefficient of 

determination (r
2
).  This equation is as follows: 

 
deviancenull

devianceresidual
r 12 , (12) 

and is one of the many pseudo-r
2
 equations available for use with LR (Boucher 2010, 

personal communication).  The r
2
 value can be interpreted as a percentage of the amount 
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of variation seen in the response due to the amount of variation seen in the explanatory 

variables.  In this case, the amount of variation in the detection explained by the variation 

in Ip.  Therefore, a quantitative estimate could be made on the percentage of undetected 

strokes due to CGLSS-II Ip readings. 

 
 

Figure 16. An example of LR model output and the method used to calculate the pseudo-

r
2
 metric using the statistical environment R. 

 

 If reasonable pseudo-r
2
 values were achieved, it seemed worthwhile to visually 

examine the distribution of CGLSS-II and correlated strokes as a function of Ip.  The data 

can be stratified based on the number of offline USPLN sensors if the pseudo-r
2
 varies 

significantly between each LR model generated.  The methodology utilized by Ward et 

al. (2008b) was utilized for creating the visual plots.  Using the binary response data, an 

R script created frequencies of CGLSS-II strokes and detected USPLN strokes by 

separating the data into 2 kA 
pI  bins, ranging from 0-50 kA.  A maximum 

pI of 50 kA 
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was chosen since Ward et al. (2008b) used this threshold to define a high current stroke.  

It was assumed that CGLSS-II detects nearly all strokes excluding high-current strokes, 

so this analysis was restricted to 
pI  below 50 kA.  Each 

pI  bin was labeled with the 

maximum 
pI  value.  For example, if 456 CGLSS-II strokes had 20  pI kA, then the 

2 kA 
pI  bin received a CGLSS-II frequency of 456.  If 250 of those 456 strokes were 

detected by the USPLN, then the detected USPLN frequency for the 2 kA 
pI  bin was 

assigned a value of 250.  The script created an output CSV file containing the frequencies 

of CGLSS-II and correlated strokes. 

 The output files were used to generate frequency plots and stroke DE curves that 

match the format seen in Figures 6 and 7 (Ward et al. 2008b).  For the DE curve, stroke 

DE for each 
pI  bin was determined using equation (7) and the data displayed in the 

frequency plot.  The error bars, representing the standard deviation, were determined 

through taking the square root of equation (8).  The number of plots generated was based 

on the number of offline USPLN sensors.  It was expected from previous studies that the 

plots will show an increase in stroke DE with increasing 
pI .  It is also logical to believe 

that the stroke DE curve will vary based on the number of offline USPLN sensors, with 

the likelihood of decreased stroke DE as the sensor baseline decreases. 

 3) STROKE RATE VARIATION 

 In addition to the variation of DE by 
pI , one could also hypothesize that the 

frequency of strokes per unit area per unit time could also affect the capability of the 

network to detect all strokes.  Periods with extremely active lightning may experience 

lower detection versus periods with only a few strokes.  This seems logical since the 
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number of signal receptions at a single sensor over a short amount of time could lead to 

potentially noisy data, and therefore the inability to correctly solve a stroke location. 

 To test this hypothesis, stroke rates needed to be generated.  This was done using 

the same binary response file used by the CGLSS-II peak current analyses.  The entire 

period of study was used; however the data was limited to zero USPLN sensor outages 

only.  This was done in order to eliminate bias intrusion if sensor outages did indeed 

affect the stroke DE. 

 Hourly stroke rates were generated for each box in the 30-box latitude-longitude 

grid seen in Figure 17.  This grid was placed directly in the middle of the study region, so 

edge effects were not a problem.  Each grid box was 0.05 degrees by 0.05 degrees, which 

resulted in a box area of roughly 27 km
2
.  A Perl script simply tallied the number of 

CGLSS-II strokes for each hour of each day in the dataset for each grid box.  The hourly 

stroke rate for each grid box was determined by simply dividing the stroke sum by the 

box area in km
2
.  To find the area, grid box dimensions were converted from degrees to 

km using the Great Circle Distance Formula.  A rectangular area was used, which seemed 

reasonable considering the spatial scale of the grid boxes.  Time division for the stroke 

rates was not required since the data was already divided into hours.  The script then 

stored these CGLSS-II stroke rates (in strokes hr
-1

 km
-2

) for later use. 
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Figure 17. Grid of latitude-longitude boxes used in the CGLSS-II stroke rate analysis.  

Each grid box had dimensions of 0.05 degrees latitude and 0.05 degrees longitude. 

 

 For each different stroke rate determined, the script summed all CGLSS-II strokes 

and all strokes detected by the USPLN during the period that the selected rate occurred.  

For example, a CGLSS-II stroke rate of 5 strokes hr
-1

 km
-2

 happens 3 times in the dataset.  

A total of 56 CGLSS-II strokes occur during this rate, with 35 of them being detected by 

the USPLN.  The stroke DE for this stroke rate is the ratio of these two numbers, which is 

0.625.  Thus, a stroke DE was determined for each different stroke rate in the dataset.  

With an established list of CGLSS-II stroke rates and their respective stroke DE values, a 

scatter-plot was generated to determine if any relationship can be seen between the 

intensity of strokes in a region and USPLN performance.  Variability in the scatter plot 

was expected to be high, however it was hypothesized that an overall decrease in the 

stroke DE will be seen as the stroke rate increases. 
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 4) PSEUDO-FLASH AND PSEUDO-THUNDERSTORM EFFICIENCIES 

 The stroke DE performance metric was chosen to evaluate the USPLN due to the 

availability of all stroke data from both networks.  This provided the most precise 

measurement of detection performance.  However, the importance of this parameter to 

customers may vary.  Some are simply interested in whether the network detected any 

stroke within a lightning flash.  Others are interested if the network detected at least one 

stroke within a thunderstorm, especially if lightning procedures are initiated regardless of 

the number of strokes.  Therefore, it seemed useful to expand this study to include 

performance metrics that address those areas. 

 First, a pseudo-flash DE was calculated for the USPLN.  The prefix pseudo is 

added since the metric relied on experimental procedures, which in this case involved the 

use of an experimental flash algorithm.  The algorithm generated by Rodger and Russel 

(2002) was used to reconstruct flashes out of the CGLSS-II stroke data.  Their flash 

algorithm was based upon a linear decrease of distance with time from the first stroke in a 

flash.  The equation for this linear decrease is as follows: 

 
  2010  td , (13) 

where d is the distance (km) from the first stroke and t is the time difference (s) from the 

first stroke.  Thus, the function includes strokes in a flash starting at t of 0 s and d of 20 

km, then those limits linearly decrease until t of 2 s and d of 0 km. 

 A Perl script was used to sort all CGLSS-II strokes from the entire period of study 

into flashes using equation (13).  The script is run on the binary response files, since they 

contained all information on the CGLSS-II strokes as well as if each stroke was detected 

by the USPLN.  The script assigned a flash identification number and stroke 
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identification number within the flash (e.g. first stroke, second stroke, third stroke, etc.) 

to each CGLSS-II stroke.  While grouping the flashes, the script also derived the 

multiplicity factor for each flash.  A generally accepted average multiplicity factor for 

lightning flashes is approximately 4.0, so the average multiplicity of the CGLSS-II flash 

dataset was checked against this to determine if changing to another flash algorithm 

would be necessary (Rodger and Russel 2002). 

 The experimental CGLSS-II flash dataset can be used to compute a number of 

metrics.  First, a basic pseudo-flash DE was computed by determining if at least one 

stroke in a CGLSS-II flash is detected by the USPLN.  As with the average stroke DE 

analysis, the dataset was stratified by CGLSS-II sensor outages and by sub-period to 

determine how the pseudo-flash DE may change with time and sensor outages.  In 

addition to the pseudo-flash DE, individual stroke DE values were determined for each 

CGLSS-II stroke position in a flash (e.g. the stroke DE for all first strokes, second 

strokes, third strokes, etc.).  It is hypothesized that the stroke DE would be greatest for 

first strokes and then decrease dramatically for subsequent strokes.  First strokes often 

have the strongest Ip with subsequent strokes being weaker (Flinn et al. 2010).  If this 

hypothesis could be verified, then one could conclude that a significant portion of the 

undetected CGLSS-II strokes by the USPLN were likely subsequent strokes in a flash. 

 As stated previously, performance of the USPLN with regards to overall 

thunderstorm activity should also be examined.  A similar performance test was 

conducted by Lagouvardos et al. (2009) when comparing the ZEUS network to LINET.  

To examine the effectiveness of ZEUS in determining areas of thunderstorms, their area 

of study was divided into a 0.1 degree by 0.1 degree latitude-longitude grid.  
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Lagouvardos et al. (2009) then tallied all total lightning for each of the grid boxes for 

each network.  A two dimensional contingency table was generated based on whether 

each network had at least one stroke within a grid box.  From the contingency table, 

probability of detection (POD) and false alarm rate (FAR) were computed for the ZEUS 

network. 

 A similar methodology was adapted for the comparison in this study.  Six 0.1 

degree by 0.1 degree latitude-longitude grid boxes (see Figure 18) were created within 

the region of interest.  It was noted that no temporal restriction was used in the 

Lagouvardos et al. (2009) study, which could have led to comparisons of strokes that 

were days apart.  For this study, daily totals of CGLSS-II and USPLN strokes that occur 

in each grid box were determined using an R script.  Conducting daily results for the grid 

boxes provided plenty of samples (since the area was spatially limited to six grid boxes) 

and exercised caution by making sure any compared strokes were from the same day.  

Once daily totals were generated for each grid box temporally and spatially, a two 

dimensional confusion matrix (analogous to a contingency table) was constructed using 

the form shown in Table 6 (Wilks 2006).  Previous meteorological studies (McCue 2010; 

Rennie 2010) utilized a confusion matrix to determine predictive accuracy.  In essence, 

the CGLSS-II data here in this study were used as the observed and the USPLN data were 

used as the predictand.  The variable a in Table 6 can be defined as a hit, b a false alarm, 

c a miss, and d a true negative.  From the confusion matrix, the Probability of Detection 

(POD) and False Alarm Rate (FAR) can be determined as follows: 

 ca

a
POD


 , (14) 
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 ba

b
FAR


 , (15) 

where a, b, and c refer to the definitions in Table 6.  The POD was used as a proxy for the 

thunderstorm DE of the ZEUS network, while the FAR gave an approximation for the 

network tendency to produce false alarms (Lagouvardos et al. 2009).  These same 

statistical meanings were used for the USPLN.  The POD served as the pseudo-

thunderstorm DE performance metric.  It was expected that USPLN would maintain a 

high thunderstorm DE, considering the small baseline of the network in Florida.  It was 

also expected that the FAR would be relatively low. 

 
 

Figure 18. Grid of latitude-longitude boxes used in the USPLN pseudo-thunderstorm DE 

analysis.  Each grid box had dimensions of 0.1 degrees latitude and 0.1 degrees longitude. 
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Table 6. An example of a two-dimensional confusion matrix with variables a-d 

representing counts from the data that satisfy the boundary conditions (Wilks 2006). 

 

Confusion Matrix Observed 

YES NO 

Predicted YES a b 

NO c d 

 

f. Location accuracy 

 1) USPLN LOCATION ERROR 

 The second frequently used performance metric is location accuracy.  Location 

accuracy is typically given as a distance, and is generated using the derived error ellipses 

at some desired confidence.  A commonly reported value is the median (50% confidence) 

location accuracy.  This simply means that the lightning stroke, at 50% confidence, is 

within the listed distance of the reported location.  Of course, 50% confidence is rather 

low, especially for operations at KSC/CCAFS.  Safety concerns and launch inspections 

require the use of the 95% and 99% confidence error ellipses for CGLSS-II strokes (Flinn 

et al. 2010).  Thus, derived 95% and 99% location accuracies are also available for 

CGLSS-II. 

 The location accuracy analysis for this study used the 95% confidence location 

accuracy derived from the CGLSS-II error ellipse data.  The 95% confidence level is 

widely accepted as an important confidence level in statistics, so it was chosen over the 

50% and 99% confidence levels (Wilks 2006).  The 95% confidence effective radii for 

CGLSS-II in each sub-period are provided in Table 7.  The values listed represent the 

radius of a circle equal to the area of the median 95% confidence error ellipse calculated 

from CGLSS-II data during that sub-period.  A circle can be inferred from the median 

error ellipse due to the high number of strokes, and subsequently high number of error 
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ellipses, used in the calculation.  The varying eccentricities and orientations of the error 

ellipses average approximately to a circle for a large sample, so the median 95% 

confidence ellipse area was selected to generate this circle (Roeder 2010, unpublished 

manuscript). 

 

Table 7. Table of the 95% confidence effective radii generated using the median error 

ellipse for each sub-period (Roeder 2010, unpublished manuscript).  Pre-update and post-

update refer to the vendor configuration change in Feb 2010. 

 

Sub-Period CGLSS-II Configuration

  

95% Confidence Effective Radius (m) 

I Six-Sensor 693 

II Five-Sensor (Pre-update) 981 

III Five-Sensor (Post-update) 567 

 

 The 95% confidence radii listed in Table 7 served as a proxy of the estimated 

location error contributed by CGLSS-II.  Recall that the correlating procedure for 

CGLSS-II and USPLN strokes also calculated distance using equation (6).  For this 

analysis, an R script read in the correlated stroke distances for each day examined.  It was 

assumed that the location errors for CGLSS-II and USPLN were independent, which 

seemed reasonable given the differing methods used in detection and stroke solution 

procedures.  By assuming independence, the error vectors of length equal to the location 

errors of CGLSS-II and USPLN were considered perpendicular.  The total error vector 

was then written as the addition of perpendicular error vectors (Roeder 2010, unpublished 

manuscript).  Therefore, the magnitude of the total error vector (i.e. the distance between 

correlated strokes) was written as follows: 

 

22

UCT ddd  , (16) 
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where 
Td  represented the distance, 

Cd  was the 95% confidence location error due to 

CGLSS-II, and 
Ud  was the 95% confidence location error due to USPLN.  Thus, this 

equation was a simple application of the Pythagorean Theorem, and could be solved for 

Ud  (Wilks 2006).  The resultant value for 
Ud  was interpreted as the 95% confidence 

location error for USPLN.  If Td  was less than Cd , then Ud  could be interpreted as 

Td  (Roeder 2010, unpublished manuscript).  This was determined for each correlated 

stroke, so the end result was a database of estimated 95% confidence USPLN location 

errors.  To represent daily performance and variation, the median and variance of the 

95% confidence USPLN location errors for each day were selected. 

 As with the average stroke DE analyses, the 95% confidence USPLN location 

errors for each stroke were stratified by sub-period and the number of offline USPLN 

sensors.  The daily median 95% confidence USPLN location errors were used to 

determine average performance.  The daily variances were used to determine average 

variation.  Therefore, the same weighted average techniques used in the DE analysis are 

applied, but with different weights.  The weights were derived from the total of correlated 

strokes, placing greater emphasis on the location error for active days.  It was expected 

that the USPLN 95% confidence location error would improve for each sub-period, 

correlating with the addition of more sensors.  It was also expected that the location 

accuracy would be better when all Florida USPLN sensors are operating. 

 2) USPLN DIRECTIONAL ERROR 

 In addition to determining an approximate average location error for the USPLN, 

directional error was also examined.  Perhaps a bias could be determined if the USPLN 
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commonly analyzed a stroke in one direction (e.g. east) of the CGLSS-II location.  This 

could be especially true when the distance between correlated strokes is large. 

 To examine this, a Perl script read in all of the correlated stroke data for the entire 

period of study.  The script then discarded correlated strokes where the distance was less 

than 3 km.  Smaller distances were more likely to be random with less of a true bias, so 

they were discarded since it was expected that any biases would be visible for correlated 

stroke pairs with a distance greater than 3 km.  The next step involved separating the data 

based on each different USPLN sensor combination.  This was done to see if biases 

changed depending on what sensor(s) may have been offline.  For each sensor 

combination, the script simply calculated frequencies in 30 degree intervals using the 

stroke orientation variable created in the correlation procedure.  The result was a dataset 

that could be displayed on a histogram.  Biases could be determined if there was a 

favored direction for stroke pairs with distances greater than 3 km. 

 Directional biases could occur due to multiple reasons, but the primary reason 

may be sensor geometry.  In the selected area of study, there were no USPLN sensors 

regionally to the east or northeast of the study area.  The closest sensor east of the region 

was located in the Bahamas, and was actually slightly to the south as well.  Given this 

fact, one would not be surprised if an east or northeast bias was seen, even when all 

Florida USPLN sensors were online. 

g. Peak current accuracy 

 The third metric selection for detection system evaluation was peak current 

accuracy.  The importance of this metric varies heavily on the concerns of the customer.  

For the majority of customers, peak current is not a main concern compared to stroke DE 
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and location accuracy.  Most are concerned with where and when a lightning strike 

occurred, not the relative strength of the strike.  This is not true for KSC/CCAFS, which 

require accurate Ip measurements of strokes to infer possible induced peak current 

damage to launch vehicles, payloads, ground-test equipment, and other electronics at 

facilities.  Initial peak current error estimates for CGLSS-II were set at ±20% based on 

vendor recommendation.  However, some suggest that the error estimate should be larger 

(Flinn et al. 2010). 

 Peak current accuracy was not analyzed for the USPLN for two reasons.  First, as 

stated before most customers are not concerned with Ip measurements.  Second, 

inconsistencies in USPLN Ip measurements were present throughout the period of study.  

It was not feasible to conduct a peak current accuracy analysis without eliminating data 

and using numerous assumptions.  Therefore, a study of peak current accuracy was not 

conducted. 

h. Case studies 

 1) SELECTION PROCESS AND STROKE LOCATION PLOTS 

 In order to further investigate the performance of the USPLN, individual case 

studies needed to be examined.  Several criteria were used for case selections.  First, all 

cases selected were relatively late in the study period, occurring during sub-period II or 

later.  While data from earlier periods should be examined as well, it was more pertinent 

in this study to analyze recent performance on an individual basis.  Second, a large 

sample size for each case was required.  Sample size was based on the amount of 

CGLSS-II strokes detected, with a minimum of 800 strokes required for selection.  

Finally, it was more important to examine performance when the USPLN network was 
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operating at relatively full capacity, so cases with no USPLN sensor outages were 

selected. 

 For each case study, the locations of CGLSS-II and USPLN strokes within the 

study region were plotted onto a latitude-longitude grid to examine the overall spatial 

relationships between strokes.  Plotting the locations for the case studies provided insight 

into possible reasons for poor performance.  For example, if singular USPLN strokes 

were found well outside of a cluster of CGLSS-II and USPLN strokes, they could be false 

detections or misclassifications. 

 2) STROKE DETECTION EFFICIENCY AND LOCATION ACCURACY 

 USPLN stroke DE for each case study was examined as a function of Ip.  The 

same methodology provided by Ward et al. (2008b) was used to generate distributions of 

stroke frequencies as a function of Ip for each case study.  Stroke DE curves were also 

created and compared between cases and also with the average performance results.  

Conclusions could then be formulated based on the overall distribution of stroke 

frequencies and comparisons. 

 Individual analyses of location accuracy also utilized the same methodology 

provided by Ward et al. (2008b).  Correlated stroke distances were distributed into 200 m 

bins using an R script.  This process was similar to the algorithm used to distribute 

strokes into 
pI  bins.  Once the frequencies were determined, a cumulative distribution 

function was created.  Plots of the frequencies and cumulative distribution functions were 

generated to visually display the distribution of stroke distances, as well as display the 

median (50th percentile) distance.  The distribution of stroke distances could provide 

further insight into whether network performance was consistent or not. 
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 3) 4DLSS AND RADAR ANALYSES 

 The 4DLSS data could be used for a variety of analyses, but first it needed to be 

converted into a format matching the other lightning data.  A Perl script was used, which 

converted the Cartesian coordinates to latitude, longitude, and height coordinates using 

KSC’s LDAR central site and the Great Circle Distance Formula.  The report time was 

also broken down accordingly into hours, minutes, and seconds.  Recall that the 4DLSS 

data contained LDAR-II and CGLSS-II events.  For separation purposes, an additional 

file was created that contained the CGLSS-II events from the 4DLSS data. 

 Another subset of strokes that needed to be examined was USPLN strokes which 

did not correlate with CGLSS-II.  To generate this dataset, a Perl script ran the same 

correlation procedure used previously on USPLN strokes and CGLSS-II strokes from the 

4DLSS dataset.  This time, USPLN strokes within the region of interest that did not 

correlate were saved to the output file. 

 The 4DLSS data were used as an approximate identification tool for the 

uncorrelated USPLN strokes.  For each uncorrelated USPLN stroke, a Perl script was 

used to copy all 4DLSS data within ±0.5 s of the stroke report time to a new file.   The R 

statistics program was used to generate a time-height plot of the 4DLSS events (inclusive 

of CGLSS-II events) and the uncorrelated USPLN stroke, as seen in Figure 19.  In 

addition, a positional latitude-longitude plot was also generated, as seen in Figure 19.  

Once the plots were generated, physical examination of the graphs was conducted to 

determine a correct category for the uncorrelated USPLN stroke.  The stroke was placed 

into one of the following five categories.  First, it could display a true CG stroke 

signature, as evidenced by a trail of LDAR-II leader points extending to the ground close 
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to the USPLN report time.  This could be a true CG stroke detected by the USPLN but 

missed by CGLSS-II, possibly due to the high peak current saturation problem.  Second, 

the USPLN stroke could be a correctly classified IC stroke, where the USPLN Ip displays 

a value of 0 kA.  Third, the USPLN stroke could be a misclassified IC stroke, where the 

USPLN Ip does not have a value of 0 kA.  This would be evidenced by the lack of 

LDAR-II points extending to lower altitudes around the occurrence of the USPLN stroke, 

suggesting that the USPLN is detecting IC activity.  Fourth, the USPLN stroke could be a 

“phantom” stroke.  This would be evidenced by the lack of LDAR-II points spatially and 

temporally around the USPLN stroke, suggesting that the USPLN may be falsely 

detecting.  Finally, a category of unclassified was introduced for strokes which couldn’t 

be classified with high confidence using the 4DLSS data. 

 
 

Figure 19. Example 4DLSS analysis plots.  The position plot displays the latitude and 

longitude locations of LDAR-II detections (red dots), CGLSS-II stroke detections (green 

dots), and uncorrelated USPLN stroke detections (blue squares) within ±0.5 s of the 

examined USPLN event.  The time-height plot displays the altitude coordinates of the 

LDAR-II detections, while USPLN and CGLSS-II were plotted with an altitude of 0 m. 

 

 Subjectively assigning a category to each uncorrelated USPLN stroke served two 

purposes.  First, a distribution of categories for uncorrelated USPLN strokes was 
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generated for each case study.  If one or multiple categories encompassed the majority of 

strokes, then one could quantitatively support an explanation for why the USPLN was 

detecting additional strokes.  Second, one could determine an estimate for how well 

CGLSS-II was actually performing.  For example, say there were 25 strokes detected by 

the USPLN that were actual CG strokes missed by CGLSS-II, according to 4DLSS.  If 

there were 900 strokes recorded by CGLSS-II in the study region, then assuming all 

CGLSS-II strokes were valid, CGLSS-II missed 25 out of 925 (~2.7%) strokes.  A 

similar procedure was conducted by Ward et al. (2008b) when determining the 

percentage of high peak current strokes missed by CGLSS-I using NLDN data. 

 In addition to the 4DLSS analysis, any classified “phantom” strokes for the case 

study were plotted on KMLB WSR-88D composite radar reflectivity images to further 

support the claim of a false detection.  Strokes with report times within the time interval 

of a matching volume scan were plotted onto the image.  Storm motion was also 

considered, so strokes located behind the motion of the reflectivity were not necessarily 

considered suspicious.  The overlays of reflectivity and stroke locations were examined 

to determine strokes that were located well outside the reflectivity core of the cell in 

question.  An example can be seen in Figure 20 from 1913 UTC on 11 July 2010.  If the 

stroke was located in a region free of LDAR-II leader points temporally and spatially, 

then perhaps it was located outside any thunderstorm echoes on the radar imagery as 

well.  This procedure of using radar imagery is often used to verify suspect events (WMO 

2009). 
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Figure 20. KMLB composite radar reflectivity valid 1913 UTC 11 July 2010 with a 

classified USPLN “phantom” stroke plotted for the selected volume scan.  Stroke 

position is displayed with the white crosshairs and annotated with a yellow circle. 

 

 4) MISCLASSIFICATIONS AND FALSE POSITIVES 

 To a smaller extent, information on misclassified USPLN CG strokes as IC 

strokes and false positive USPLN strokes could be determined.  A Perl script was used to 

identify USPLN IC strokes (Ip equal to 0 kA) that were correlated with CGLSS-II CG 

strokes.  An estimated percentage was derived for the amount of misclassified CG strokes 

as IC strokes by the USPLN by simply dividing the total number of misclassified strokes 

by the total number of correlated strokes.  This percentage was considered an estimate 

because all CGLSS-II strokes may not necessarily be CG either, in particular those with 

very low 
pI  below 7 kA, as shown by Ward et al. (2008a).  However, the estimated 

percentage may provide some insight into whether changes to the current classification 

procedure need to be implemented.  For false positives, a Perl script examined correlated 
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strokes based on the Ip readings by CGLSS-II and USPLN.  If the CGLSS-II Ip was 

negative and the USPLN Ip was positive, then the stroke data were written to output.  A 

similar percentage was then derived by simply dividing the number of strokes where this 

occurs by the total number of correlated strokes.  The percentage could be used as a 

proxy for the amount of error in the USPLN Ip calibration, however caution needed to be 

used since Ip is one of the more difficult variables of a lightning stroke to verify. 

 The preceding methodology provides the details used for this evaluation of 

USPLN network performance over the past few years.  The following chapters 

summarize the results for the USPLN outage data, stroke DE, stroke location accuracy, 

and individual case studies.  In addition to the actual results, hypotheses for causes of the 

sometimes poor USPLN performance are introduced.  Results from additional 

performance evaluations (e.g. the Ip variation in stroke DE) are used to support these 

hypotheses.  The chapter on individual case studies provides additional detail to support 

the overall performance conclusions with additional hypotheses and reasoning. 
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CHAPTER 3 

3. Sensor outage and USPLN detection efficiency results 

a. Florida USPLN sensor outage results 

 Before examining performance results for the USPLN, it was important to 

consider the distribution of the stroke data reported when there were either none or some 

Florida USPLN sensor outages.  Recall from Chapter 2 that the majority of the analyses 

stratified the data either by the number of offline USPLN sensors or by the different 

sensor combinations themselves. 

 Figure 21 displays the percentages of CGLSS-II strokes by USPLN sensor 

outages for the entire period of study.  It is important to recognize that this distribution is 

based on the amount of CGLSS-II strokes in the dataset, not the amount of time in the 

period of study.  A temporal distribution would display significantly different results, 

especially since outages did occur when zero lightning activity was recorded in the study 

region. 

 An important result from Figure 21 is that only 65.82% of the CGLSS-II strokes 

occurred when all nine Florida USPLN sensors were online.  This percentage is 

significantly lower than what was expected, and clearly indicates that sensor outages 

occurred relatively frequently.  The Clearwater sensor was the most troublesome, and 

was offline for 24.56% of the dataset.  This sensor was also involved during the majority 

of two sensor outages.  Beyond the issues with the Clearwater sensor, outages for 

additional sensors accounted for less than 4.00% of the dataset each.  One sensor outage 

occurred for 30.00% of the dataset, and outages of two sensors accounted for the 

remaining 4.18%.  Outages of three or more sensors at once did not occur during any 



65 

 

CGLSS-II lightning activity.  Thus, analyses involving stratification by USPLN sensor 

outages are conducted for zero sensors offline, one sensor offline, and two sensors 

offline. 

 
Figure 21. The distribution of CGLSS-II strokes by USPLN sensor outages.  Note that 

the Moore Haven and Clearwater/Madison outages did not occur at high enough 

frequency to produce a percentage on this graph, and are subsequently labeled as 0.00%. 

 

b. Average stroke detection efficiency results 

 The remainder of this chapter examines the results of the analyses used to 

evaluate DE for the USPLN.  The first section highlights the average DE results, while 

additional sections examine the variation due to additional parameters (e.g. Ip).  Once 

again, it is important to recognize that this study first examines stroke DE, not flash DE, 

which has been conducted for many previous studies. 
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 Table 8 provides the average stroke DE results stratified by sub-period and the 

number of offline USPLN sensors.  The weighted average DE values indicate that the 

USPLN seemed to have some difficulty in detecting a significant portion of strokes 

identified by CGLSS-II.  Stroke DE values below 50% are not ideal, which was the case 

with the exception of sub-period II. 

 

Table 8. Results of the USPLN average stroke DE analysis by sub-period and number of 

offline USPLN Florida sensors.  DE columns represent the weighted average DE while 

weighted variances are displayed in the adjacent columns.  Daily stroke DE metrics were 

calculated and utilized for the weighted average and variance calculations. 

 

Sensor 

Outages 

Sub-Period I Sub-Period II Sub-Period III 

DE Variance DE Variance DE Variance 
Zero 0.388 0.00001 0.581 0.00003 0.380 0.00002 

One 0.417 0.00001 0.523 0.00034 0.460 0.00004 

Two 0.162 0.00003 -- -- 0.392 0.00196 

 

 Sub-period I showed the importance of requiring a sufficient sensor baseline.  

Little change in performance was seen when one sensor was down.  Recall that the 

USPLN sensor baseline in the region of interest was smaller than what was typically seen 

across the CONUS.  One offline sensor in Florida did relatively little to change the 

overall baseline of the network, which is supported by the fact that little change in 

performance was seen.  However, note the drastic decrease in performance when two 

sensors were down, with only 16.2% of CGLSS-II strokes detected on average.  For sub-

period I, the two-sensor outages were comprised primarily of the Clearwater and Orlando 

sensors.  Having both of these sensors offline significantly alters the sensor baseline 

around the region of study, which leads to the resultant decrease in performance.   

 Sub-period II provided the best results of the three sub-periods.  At first, one may 

question the sample size since the majority of sub-period II occurred during autumn and 
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winter months.  Sample size here was not a problem, with multiple days recording over 

700 CGLSS-II strokes.  In fact, some of the busier days provided a few of the best daily 

stroke DE results.  In particular, 1 September 2009 was a very good day, with 966 of 

1313 (73.6%) CGLSS-II strokes detected by the USPLN.  Once again, little change in 

performance was discovered when one Florida sensor was offline, since the sensor 

baseline did not dramatically change.  There were no two-sensor outages reported during 

sub-period II, so no results were calculated. 

 Interesting results are seen when examining the individual daily stroke DE values 

for sub-period III.  After examination, daily stroke DE metrics prior to 1 July 2010 were 

found to be similar to those seen during sub-period II, an indication that the performance 

of the network was consistent.  However, a drastic decrease in performance was seen 

beyond 1 July 2010.  To further illustrate this unexpected change, sub-period III was 

subsequently divided into two sub-periods.  Sub-period IIIa spans from 18 February 2010 

to 30 June 2010, while sub-period IIIb covers the remaining portion of the period of study 

to 31 August 2010.  Weighted average stroke DE metrics and variances were recalculated 

and displayed in Table 9.  For sub-period IIIa, during zero sensor outages, an average DE 

of 55.1% was calculated, which was relatively similar to that seen in sub-period II 

(58.1%).  However, there was a very large decrease to 23.8% during sub-period IIIb.  

This decrease accounts for the overall value of 38.0% seen in Table 8.  In addition, the 

majority of the sensor outages in sub-period III occurred during sub-period IIIa, when 

performance was better.  This results in the higher performance metrics seen in Table 8 

when sensor outages did occur, which violated the pattern seen in the first two sub-

periods. 
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Table 9. Average stroke DE results after division of sub-period III into two sub-periods.  

Refer to Table 8 for a description of all parameters. 

 

Sensor 

Outages 

Sub-Period IIIa Sub-Period IIIb 

DE Variance DE Variance 
Zero 0.551 0.00005 0.238 0.00003 

One 0.494 0.00005 0.357 0.00017 

Two 0.392 0.00196 -- -- 

 

 Such a dramatic change in performance, as evidenced in Table 9, indicated that 

something had changed in either the USPLN or CGLSS-II networks.  It has been 

confirmed that no known changes were made to the CGLSS-II network during the 

duration of sub-periods IIIa and IIIb.  Indeed, through the efforts of this study, it was 

discovered that a software change had been made to the USPLN around 1 July 2010.  It 

seems that this software change led to unintended poorer performance by the USPLN. 

 The results for the weighted variances in Tables 8 and 9 were primarily 

influenced by the sample size.  Recall that the daily variance values were calculated from 

a normalized binomial distribution using equation (8).  The denominator is based on the 

number of CGLSS-II strokes, which was quite large for many days in this data set.  Thus, 

the daily variances for active days were very small.  This resulted in a small weighted 

variance since active days were weighted heavily in the weighted variance equation.  The 

largest weighted variance had occurred during a two-sensor outage period in sub-period 

IIIa, when only a total of 120 CGLSS-II strokes were reported. 

c. Peak current variation results 

 1) LOGISTIC REGRESSION 

 The results of the LR analyses suggest that USPLN detection of a CGLSS-II 

stroke is partially influenced by the strength of the stroke, which is approximated using 
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the Ip variable.  Recall that for this analysis, CGLSS-II 
pI  was used as a predictor for 

detection by the USPLN.  The data were also separated by the number of offline USPLN 

Florida sensors.  Three separate LR models were generated for zero, one, and two sensor 

outages.  Division into sub-periods was not conducted, in order to maintain a sufficient 

sample size for each LR model. 

 Before examining the models further, checks for significance were needed.  First, 

the statistical significance of CGLSS-II 
pI

 
as a predictor was evaluated.  This was 

accomplished in R by examining the results of the z-test for each predictor (Boucher 

2010, personal communication).   In this case, only one z-test for each model was 

conducted, and the resultant p-values are displayed in Table 10.  Clearly, the CGLSS-II 

pI  variable was statistically significant as a predictor for each of the three LR models 

generated, with all three p-values substantially below the 0.05 threshold commonly used 

to establish statistical significance.  Second, residual plots for each LR model were 

created and examined.  Figure 22 displays the residual plots for the LR model associated 

with zero sensor outages (residual plots for the other two LR models are very similar, but 

not shown).  Each model did contain a few outliers with extreme residuals, but these 

outliers had little leverage on the model itself.  Thus, the residual plots also supported 

continued evaluation of LR models. 

 

Table 10. Resultant p-values after applying a z-test to establish statistical significance for 

the three LR models created. 

 

LR Model Z-Test P-Value 
Zero Offline USPLN FL Sensors < 2 x 10

-16
 

One Offline USPLN FL Sensor < 2 x 10
-16

 

Two Offline USPLN FL Sensors < 2 x 10
-16
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Figure 22. Residual plots for the LR model associated with zero USPLN Florida sensor 

outages.  These plots were used as support to confirm model significance. 

 

 With statistical significance established, the pseudo-r
2
 values for each model were 

calculated through equation (12) using the null and residual deviances.  Table 11 presents 

the intercepts, slopes, and goodness of fit measures for each LR model.  It is interesting 

to note that a similar pattern is seen for the pseudo-r
2
 metrics when compared with the 

average stroke DE analysis.  During periods of zero USPLN sensor outages, it can be 

stated that 31.3% of the variability in USPLN detection can be explained by the 

variability in CGLSS-II 
pI .  This number increased very slightly to 33.6% during one-

sensor outages, with little change to the function slope and intercept.  However, when 
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two sensors were down, the number increased significantly to 45.2%, along with 

significant changes to the slope and intercept of the function.  Therefore, the CGLSS-II 

pI
 
parameter seems to become a stronger predictor of detection when the USPLN 

sensor baseline decreases.  This was expected since a stronger signal should be required 

for a stroke to be detected when fewer sensors are available. 

 

Table 11. Resultant intercepts, slopes, and pseudo-r
2
 metrics for the three LR models. 

 

LR Model Intercept Slope Pseudo-r
2
 

Zero Offline Sensors -3.439  0.202  0.313 

One Offline Sensor -3.621  0.223  0.336 

Two Offline Sensors -5.709  0.209  0.452 

 

 While some of the variability in detection could be linked to 
pI , a significant 

portion of the variability remained unexplained.  Some of this may be attributed to the 

lack of perfect accuracy in CGLSS-II 
pI  peak current readings.  At the present time, the 

CGLSS-II Ip error is estimated at ±20%, based on vendor recommendation.  However, 

Flinn et al. (2010) mentions that the true error could be larger.  The regression equation 

utilized to calculate CGLSS-II Ip is derived from results using triggered lightning, whose 

first return strokes have different waveforms than natural lightning (Flinn et al. 2010).  

Alterations and improvements to Ip estimates could lead to a stronger (or possibly 

weaker) influence on detection.  Additional factors not discovered in the data for this 

study could also be influencing the likelihood of stroke detection by the USPLN. 

 2) FREQUENCY DIAGRAMS AND CURVE PLOTS 

 It was easier to visualize the impact of 
pI

 
as a predictor for detection through 

the use of discrete plots.  Figure 23 displays the total number of CGLSS-II strokes 
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distributed by CGLSS-II 
pI

 
in the red columns.  The blue columns indicate how many 

of those CGLSS-II strokes were detected by the USPLN.  The peak of the CGLSS-II 

distribution occurred around 
pI  between 8-10 kA.  However, a clear shift in the peak 

distribution of the blue columns was seen, with the largest number of detections 

occurring between 18-20 kA.  Thus, a clear problem was discovered, especially for lower 

current strokes whose 
pI

 
was less than 16 kA.  Figure 24 displays a derived stroke DE 

curve and error bars using the results of Figure 23.  The error bars span one standard 

deviation, calculated using a normalized binomial distribution.  Note that the stroke DE 

was extremely low for very low current strokes below 6 kA, rose steadily from about 6% 

at 6 kA to 85% at 26 kA, and became quasi-stationary around 90% for higher current 

strokes.  The DE did not reach 50% or greater until higher than 16 kA, strongly indicating 

that low current strokes seemed to be the source of the majority of missed detections. 

 

Figure 23. The frequency distribution of CGLSS-II strokes by pI  are indicated by the 

red bars.  The blue bars indicate how many of the CGLSS-II strokes for each pI
 
bin 

were detected by the USPLN.  This graph displays all data for the entire period of study. 
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Figure 24. The resultant stroke DE curve by pI  that corresponds to the data seen in 

Figure 23.  The error bars display the standard deviation using a normalized binomial 

distribution. 

 

 Division of the data by the number of USPLN Florida sensor outages was again 

conducted to determine how the shape of the DE curve may shift or change based on the 

number of offline sensors.  Figures 25 and 26 display the discrete frequency plots and DE 

curve similar to Figures 23 and 24, except only for periods with zero reported USPLN 

sensor outages.   Similar results were seen when comparing this subset of data to the 

results of the entire data set.  The USPLN had extreme difficulty in detecting very low 

current strokes below 6 kA.  The stroke DE rose steadily to 26 kA, and stabilized around 

90% for higher current strokes.  These results confirm that detection of low current 

strokes was a problem, even when the USPLN was operating at full strength in Florida.  

While it is difficult to pinpoint the exact reason, several hypotheses can be formulated on 

why the USPLN was missing these weaker strokes.  Recall that the CGLSS-II Ip 

calculation was conducted through the use of a regression equation based on the range-
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normalized signal strength (Flinn et al. 2010).  Therefore, the lower the stroke Ip, the 

smaller the signal the stroke produced when detected by each sensor.  The sensor baseline 

for the USPLN was much greater than the baseline for CGLSS-II, even in Florida where 

additional USPLN sensors were stationed.  The USPLN sensors used dynamic signal 

thresholds which were auto-adjusted based on local noise levels.  Perhaps some of these 

weaker stroke signals did not exceed the threshold required for detection.  Additionally, 

perhaps the signal received did not contain a well-defined peak, which was used to 

establish the stroke report time and strength at each sensor.  Recall that the USPLN 

required detection by at least three sensors to triangulate the stroke location and a fourth 

sensor for quality control assurance (Neilley and Bent 2009).  If four sensors did not 

detect a low current stroke, then it will not be reported by the USPLN.  Thus, there are 

several potential reasons why low current strokes are constantly undetected by the 

USPLN, while high current strokes are detected readily. 

 
Figure 25. Same as Figure 23, except for data when zero USPLN sensors were offline. 
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Figure 26. Same as Figure 24, except for the data displayed in Figure 25. 

 

 It was again confirmed that the stroke DE performance of the USPLN did not 

change drastically when one USPLN sensor was offline.  This is clearly seen in Figures 

27 and 28.  Figure 27 displays a discrete plot similar to the pattern in the zero-outage 

discrete plot, only with a smaller sample size.  Figure 28 shows a stroke DE curve that is 

almost identical in spots to the one calculated for zero sensor outages.  The USPLN 

continued to produce a high detection rate for strokes with 
pI

 
above 26 kA.  However, 

the same weaknesses with low current strokes were also discovered. 

 As seen in the average stroke DE and LR analyses, a drastic change was 

discovered when two USPLN sensors were offline, which resulted in a significant 

degradation of the sensor baseline.  Figure 29 shows a significant decrease in 

performance by the USPLN.  In particular, note the lack of detections below 14 kA, 

which was a significant portion of the CGLSS-II distribution.  Figure 30 displays the 

stroke DE curve when two sensors were offline.  The stroke DE did not exceed 50% until 
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pI
 
was greater than 24 kA.  Stroke DE of 80% or greater were not seen until the 

CGLSS-II 
pI

 
was greater than 30 kA.  Note the larger error bars as well due to a much 

smaller sample size for the two sensor outage dataset. 

 
Figure 27. Same as Figure 23, except for data when one USPLN sensor was offline. 

 

 
Figure 28. Same as Figure 24, except for the data displayed in Figure 27. 
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Figure 29. Same as Figure 23, except for data when two USPLN sensors were offline. 

 

 
Figure 30. Same as Figure 24, except for the data displayed in Figure 29. 

 

 Figure 31 further highlights the issue of sensor outages, where all three stroke DE 
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and one outage are extremely similar and almost identical in spots.  However, there was a 

clear decrease in the stroke DE from 6-32 kA when two sensors were offline, which 

illustrates the importance of having enough sensors operational to support a sufficient 

baseline.  It is also interesting to point out that the curve for two-sensor outages seems to 

be more linear when the stroke DE is increasing, compared to the other two curves.  This 

may explain the increased pseudo-r
2
 discovered in the logistic regression analysis.  

Regardless of the outages, a clear lack of stroke DE was discovered for the lower current 

strokes which, according to CGLSS-II, were the most abundant sub-section of all 

lightning strokes. 

 
Figure 31. Comparative graph of the stroke DE curves calculated for each class of 

USPLN outages.   

 

 A quick temporal evaluation was also conducted.  Figure 32 displays USPLN 
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period I through sub-period IIIa.  However, note the drastic decrease in performance 

during sub-period IIIb (post 1 July 2010).  This supports the performance drop related to 

the USPLN software change discovered in the average stroke DE analysis. 

 
Figure 32. Graph of stroke DE curves calculated for each sub-period.  Data for these 

curves occurred only when zero sensor outages were recorded. 
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plot, in order to not mask any trends.  The observed CGLSS-II stroke rates ranged from 

0.03 to 11.62 strokes km
-2

 hr
-1

.  A least-squares fit line was applied to check for a 

significant relationship.  At first, a negative slope is discovered, suggesting that USPLN 

stroke DE decreases with increasing stroke rate.  However, a two-tailed hypothesis test 

(using the null hypothesis of a slope of zero) produced a p-value of 0.117, which 

indicated that the slope was not significantly different from zero at the 0.05 significance 

level.  In addition, an r
2
 metric of near zero shows the lack of any significant fit for the 

results.  Therefore, based on these statistics, the performance of the USPLN in this study 

was not dependent on the amount of lightning activity.  The network performed just as 

sufficiently when many strokes were occurring versus when few were occurring. 

 
Figure 33. Scatter plot of USPLN stroke DE versus CGLSS-II stroke rate for data when 

no USPLN Florida sensor outages occurred.  A linear least squares fit line is also 

displayed, with resultant equation and r
2
 value located in the upper right corner. 
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e. Pseudo-flash detection efficiency results 

 Recall that an experimental flash algorithm was applied to the CGLSS-II data to 

group strokes into pseudo-flashes.  The algorithm consisted of applying equation (13) on 

a time interval of 0 to 2 s from the first stroke in the flash.  The average multiplicity of 

the pseudo-flashes was checked to examine if the flash algorithm was successful.  After 

the algorithm was applied, the average multiplicity of all CGLSS-II pseudo-flashes was 

3.35, which is acceptable given the average multiplicity value of ~4 provided by Rodger 

and Russell (2002). 

 The most basic pseudo-flash DE metrics were calculated first.  Simply put, did the 

USPLN detect at least one stroke in a CGLSS-II pseudo-flash?  Table 12 displays the 

average pseudo-flash DE results stratified by sub-period and the number of offline 

USPLN Florida sensors.  These values are considerably higher than the stroke DE values 

seen in Tables 8 and 9, which was expected.  The pattern in the results also agreed with 

what was discovered in the average stroke DE analysis.  Significant improvement was 

seen from sub-period I to sub-period II.  Sub-period IIIa had similar performance to sub-

period II, and a decrease in performance in sub-period IIIb was seen.  Significant 

decreases in the pseudo-flash DE were also seen when the sensor baseline was greatly 

affected by two sensor outages. 

 

Table 12. Resultant pseudo-flash DE values stratified by sub-period and USPLN Florida 

sensor outages.  Flash DE values were calculated by determining if at least one stroke in 

a reconstructed CGLSS-II flash was detected by the USPLN. 

 

Sensor 

Outages Sub-Period I Sub-Period II Sub-Period IIIa Sub-Period IIIb 
Zero 0.665 0.832 0.765 0.484 

One 0.678 0.721 0.701 0.636 

Two 0.294 -- 0.484 -- 
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 In addition to the pseudo-flash DE, the stroke DE was computed for the first 10 

stroke positions in each CGLSS-II pseudo-flash.  Stratification into sub-periods was not 

conducted for this analysis due to smaller sample size, but stratification by USPLN 

sensor outages was maintained.  Table 13 provides a listing of the stroke DE for each 

stroke position and USPLN sensor outages. 

 

Table 13. Stroke DE calculated for stroke position in a CGLSS-II reconstructed flash and 

the number of offline Florida USPLN sensors. 

 

Stroke Position in a 

Reconstructed Flash 

Zero Sensors Out One Sensor Out Two Sensors Out 

1st Stroke 0.575 0.576 0.225 

2nd Stroke 0.419 0.446 0.161 

3rd Stroke 0.404 0.428 0.181 

4th Stroke 0.357 0.377 0.165 

5th Stroke 0.314 0.321 0.130 

6th Stroke 0.268 0.290 0.100 

7th Stroke 0.235 0.231 0.049 

8th Stroke 0.200 0.199 0.096 

9th Stroke 0.182 0.210 0.053 

10th Stroke 0.179 0.215 0.000 

 

 Figure 34 then displays a graph of the stroke DE and error bars varying by stroke 

position and USPLN sensor outages.  Results indicate that the stroke DE decreases 

overall from the first stroke in a pseudo-flash to the tenth stroke, regardless of sensor 

outages.  This was somewhat expected given that the first stroke in a flash typically is the 

strongest, with subsequent strokes being weaker.  An earlier result concluded that Ip 

played a significant role in USPLN detection of strokes, so it was not surprising that the 

first stroke received the highest stroke DE with decreasing values thereafter.  With 

regards to subsequent strokes, the stroke DE decrease provides evidence that a significant 

portion of the undetected CGLSS-II strokes were indeed subsequent strokes in a flash.  

Figure 34 also provides an example supporting the conclusion that a significant sensor 
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baseline is required.  Note the substantial decrease in the DE curve when two sensors 

were down versus when zero sensors were down or just one sensor was down. 

 
Figure 34. Graph of USPLN stroke DE versus position in a CGLSS-II reconstructed 

flash.  The values correspond to those displayed in Table 13.  Error bars represent one 

standard deviation using a normalized binomial distribution. 
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Figure 18.  Each box was then assigned as a hit, miss, false alarm, or true negative for the 

confusion matrix.  The results of this analysis are displayed in the two-dimensional 

confusion matrix shown in Table 14.  CGLSS-II detected at least one stroke in 637 of the 

4,908 daily grid boxes examined.  Of those 637 boxes, USPLN also detected a stroke in 

574 of them.  Therefore, a POD, which is interpreted as the pseudo-thunderstorm DE, of 
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0.901 was produced.  A high POD indicates that the USPLN detected lightning activity 

when CGLSS-II did for a large majority of the period of study. 

 

Table 14. Confusion matrix for the pseudo-thunderstorm DE analysis.  POD and FAR 

statistics were calculated using these numbers. 

 

Confusion Matrix CGLSS-II detected at least one stroke in box 

YES NO 

USPLN detected at 

least one stroke in box 

YES 574 164 

NO 63 4107 

   

 There were 164 grid boxes in the period of study where the USPLN detected 

lightning while CGLSS-II recorded nothing.  Therefore, a FAR of 0.222 was derived.  

While the FAR wasn’t extremely high, it was large enough to warrant some further 

hypotheses.  The USPLN, in addition to detecting CG strokes, may also be detecting IC 

activity (even if the algorithm classifies it as a CG stroke).  This could lead to a higher 

FAR if the USPLN is detecting IC strokes as CG strokes when CGLSS-II reports no CG 

strokes.  Further examination of reported IC activity is conducted in the case studies.  

Another possibility is the intrusion of sferics into the data.  Sferics are signals of lightning 

waveforms which reflect off of the ionosphere and are received by the ground-based 

sensors.  They can be produced by lightning strikes from across the globe.  Algorithms 

have been installed into network software to eliminate sferics, which often result in 

spurious strokes with odd parameters (e.g. very high 
pI ).  However, it is possible that a 

few may have escaped the filtering algorithms and contributed to the higher FAR in this 

study. 

 One must use the statistics in the pseudo-thunderstorm DE analysis with caution 

due to the simplistic nature of the experimental procedure.  For robust statistics and 
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results, one should consult the pseudo-flash and stroke DE results for a better 

performance evaluation of the USPLN.  The thunderstorm DE analysis makes a default 

assumption that the locations of the USPLN strokes were not significantly different from 

the CGLSS-II stroke locations.  If this assumption was invalid, then matched strokes 

could have appeared in different grid boxes quite often, resulting in inadequate statistics.  

Each grid box was over 100 km
2
 in area however, so unless the location error was very 

significant, this issue would be minimal except for strokes appearing on grid box edges.  

The following chapter examines the location accuracy for the USPLN, including the 

distance between matched strokes and directional biases. 
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CHAPTER 4 

4. USPLN location accuracy analyses and results 

a. USPLN location error results 

 This chapter summarizes the results of the analyses used to determine the second 

performance metric for this study, USPLN location accuracy.  Recall that the 95% 

confidence effective radii for CGLSS-II, provided by Roeder (2010, unpublished 

manuscript), were used to help determine the median 95% confidence USPLN location 

error for each day.  The same power weighting method utilized in the average stroke DE 

analysis was conducted here to determine average performance, except the weights were 

derived from the number of correlated strokes, not the number of CGLSS-II strokes.  

Table 15 displays the 95% confidence USPLN location error estimates, stratified by sub-

period and the number of offline Florida USPLN sensors.  Table 16 displays the 

respective variances for each class. 

 

Table 15. Average 95% confidence USPLN location error estimates, stratified by sub-

period and number of offline USPLN Florida sensors.  Daily median location error values 

were consulted for the weighted average process.  All location error metrics are in km. 

 

Sensor 

Outages 

Sub-period 

I 

Sub-period 

II 

Sub-period 

IIIa 

Sub-period 

IIIb 
Zero 1.411 1.191 0.626 2.504 

One 1.485 0.844 0.891 3.099 

Two 1.666 -- 2.137 -- 

 

 

Table 16. Average USPLN location error variances, stratified by sub-period and number 

of offline USPLN Florida sensors.  Daily location error variances were consulted for the 

weighted average process.  All location error metrics are in km. 

 

Sensor 

Outages 

Sub-period 

I 

Sub-period 

II 

Sub-period 

IIIa 

Sub-period 

IIIb 
Zero 0.133 0.299 0.284 2.372 

One 0.175 1.024 0.291 2.058 

Two 0.802 -- 14.075 -- 
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 At first glance, the results seem to mimic the pattern seen in the average stroke 

DE analysis.  Sub-period I showed the worst performance as a whole, with 95% 

confidence location error estimates higher than 1.4 km.  Once again, there was a lack of a 

significant change when one USPLN sensor was offline.  This was evident from the small 

increase in the location error from 1.411 to 1.485 km, and the small increase in the 

variance from 0.133 to 0.175 km.  This is another clear indication that one offline sensor 

did little to change the overall sensor baseline surrounding the region of study.  As 

expected, there was a strong decrease in performance when two sensors were offline.  

The 95% confidence location error increased to 1.666 km and the variance also increased 

to 0.802 km.  Recall that a significant portion of the two-sensor outages involved the 

Clearwater and Orlando sensors.  Both of these sensors are very important to the sensor 

baseline near the region of study.  Thus, one would expect larger inaccuracy and 

variability in this case since more sensors far from the study region are required to detect 

the stroke in order to derive a solution.  In theory, this would lead to a larger areal region 

of possible solutions given the distance between the stroke location and the sensors, so 

larger errors can therefore the possible. 

 Sub-period II showed significant improvement from sub-period I, with all 

location error estimates decreasing.  Note that the average USPLN 95% confidence 

location error was actually better when one sensor was offline (0.844 km) compared to 

when the network was running at full strength (1.191 km).  However, note the much 

larger variance when one sensor was offline (1.024 km) versus when all USPLN sensors 

were functioning (0.299 km).  Therefore, it is difficult to conclude that the USPLN 
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performed better with one sensor offline since a significant amount of variability was 

discovered.  Recall from the average stroke DE analysis that there were no outages of two 

sensors during sub-period II. 

 Sub-period IIIa displayed the USPLN at its peak performance.  The 95% 

confidence USPLN location error was extremely good when zero outages occurred.  The 

location error estimate was 0.626 km, with a small variance of 0.284 km.  Given the 

baseline of the USPLN network, which is much larger than CGLSS-II, this result is 

excellent since it rivals the performance metrics calculated for CGLSS-II on a consistent 

basis.  Performance decreased very slightly when one USPLN sensor outage occurred, 

but a drastic decrease was discovered when two sensor outages occurred.  A large 

increase in the average error to 2.137 km and a very large increase in the variance to 

14.075 km were discovered when two USPLN sensors were offline.  It should be noted 

that only one day in sub-period IIIa contained correlated stroke data for a two-sensor 

outage, 26 April 2010.  Therefore, the results here are simply the median and variance of 

the 47 matched strokes that occurred on 26 April 2010.  Even though the sample size is 

small, the large increases in both the location error and variance support what was 

discovered in sub-period I, and the hypothesis of a weaker sensor baseline.    

 As seen previously, the noted USPLN software alteration around 1 July 2010 

seemed to have led to drastic decreases in performance, including a decline in location 

accuracy.  Sub-period IIIb contained significantly higher location errors and variances 

when compared to all other sub-periods.  For zero sensor outages, the average location 

error increased to 2.504 km, with a variance of 2.372 km.  A drastic change was also seen 
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from sub-period IIIa to IIIb when one USPLN Florida sensor was offline.  Recall that no 

major changes were made to CGLSS-II at this time, so USPLN was likely the culprit. 

b. USPLN directional error results 

 Recall that USPLN directional error was also examined to determine any 

particular biases in the USPLN.  This was done by plotting histograms of correlated 

strokes versus the orientation of the USPLN location to the CGLSS-II location, for all 

correlated strokes where the distance exceeded 3 km.  The histograms were stratified by 

combinations of offline USPLN sensors (if any) in order to determine how biases may 

change due to differing sensor distributions. 

 In order to visualize the distribution of Florida sensors, a map of the USPLN 

sensor locations was generated using IDV and shown in Figure 35.  Figure 36 then 

displays the histogram of strokes when all Florida USPLN sensors were functioning.  For 

this histogram, two clear peaks are seen.  The first peak occurs from about 30° to 90°, 

which suggests a northeast to east bias in the USPLN.  This bias was somewhat expected 

for the following reason.  The closest sensor east of the region of interest was the USPLN 

sensor located in the Bahamas, which was actually a little south of the region as well.  

The lack of a nearby sensor to the northeast was likely leading to this bias simply because 

there was little east-west line of sight established over the study region.  The second peak 

in the histogram occurs from 210° to 240°, which indicates a southwest bias.  The 

magnitude of this peak was unexpected, where the frequency of strokes almost matched 

what was seen in the east bias.  One hypothesis for this bias is that if one carefully 

examines the distribution of sensors in Figure 35, notice that the Melbourne, Moore 

Haven, and Naples sensors almost form a line to the southwest of the study region.  In 
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theory, if those three sensors are primarily used in the stroke location procedure, then the 

amount of location error could be greater since information is only being received in one 

main direction.  The lack of multiple directions in the stroke solution results in less 

effective triangulation by the time-of-arrival method, which inherently results in larger 

error.  That hypothesis seems to explain the secondary peak. 

 
 

Figure 35. Detailed map of the nine Florida USPLN sensors, with labels included.  Refer 

to this map when viewing the histograms presented in Figures 36-41. 

 

 Figures 37-41 display histograms for each combination of USPLN sensor outages 

seen during the period of study.  Refer to the sensor position map in Figure 35 to 

visualize the distribution of sensors when outages occur.  Note the omnipresence of the 

east bias throughout all of the different sensor combinations; however the peak did shift a 
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little north or south for different distributions.  For example, when the Madison sensor 

was offline, the bias actually shifted more towards the east-southeast, which makes sense 

since the Madison sensor was located to the northwest of the region of interest.  

Consequently, the peak shifted drastically northeast when the Naples sensor was offline, 

since that sensor was located to the southwest of the region.  The secondary peak to the 

southwest was not as significant for any of the other sensor combinations, but it did 

appear in a few histograms.  It showed up quite well when the Madison sensor was 

offline and when both the Clearwater and Orlando sensors were offline.  The Melbourne, 

Moore Haven, and Naples sensors composed three of the five closest sensors when the 

Clearwater and Orlando units were offline, so perhaps the secondary peak can be 

explained by the linear phenomenon described above. 

 It is important to recognize that the orientation biases generated in this study are 

unique to this area only.  Applying these biases to the entire network is not advised due to 

the changes in sensor distribution.  For example, the northeasterly bias seen here is likely 

attributed to the lack of a nearby sensor to the northeast of the study region.  If this study 

was conducted in Alabama, for example, there are sensors to the northeast that would 

likely eliminate this bias.  What can be applied is the knowledge gained by how the 

biases may change depending on which sensors may be offline.  This information, 

combined with the fact that distance performance degrades once a significant change is 

made in the sensor baseline, is quite important.  Therefore, one should also consult 

information on sensor status as well as the actual lightning data when evaluating past 

lightning events. 

 



92 

 

 
Figure 36. Histogram of matched strokes by the orientation of the derived USPLN 

location to the derived CGLSS-II location.  Each bar represents strokes that had 

orientations within 15 degrees of the midpoint on the axis.  Strokes for this graph 

occurred when all Florida USPLN sensors were online. 

 

 
Figure 37. Same as Figure 36, except using data when only the Clearwater USPLN 

sensor was offline. 
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Figure 38. Same as Figure 36, except using data when only the Orlando USPLN sensor 

was offline. 

 

 
Figure 39. Same as Figure 36, except using data when only the Madison USPLN sensor 

was offline. 
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Figure 40. Same as Figure 36, except using data when only the Naples USPLN sensor 

was offline. 

 

 
Figure 41. Same as Figure 36, except using data only when the Clearwater and Orlando 

USPLN sensors were offline. 

 

 The following chapter presents information on individual case studies.  The case 

studies examine daily lightning events at an increased level of detail.  This includes 
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examining uncorrelated USPLN strokes and identifying them as CG, IC, or “phantom” 

strokes using 4DLSS data.  Daily stroke DE and location accuracy results are also 

examined using some of the methods described in this chapter and the previous chapter. 
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CHAPTER 5 

5. Case studies 

a. Selections 

 In addition to the analyses of overall performance, individual case studies were 

selected to further analyze more detailed USPLN performance on a daily basis.  This 

allowed for more specific examination, and permitted the use of 4DLSS and radar data to 

further support conclusions drawn from the overall performance analyses.  In total, four 

days were selected for additional examination: 5 September 2009, 15 June 2010, 11 July 

2010, and 1 August 2010.  Each day satisfied the following necessary criteria required for 

selection.  First, all four days were relatively recent, representing current USPLN 

performance.  Second, each day contained well over 800 strokes reported by CGLSS-II 

so they are representative statistically.  Third, each day did not contain any reported 

USPLN sensor outages, so peak performance is assessed.  The 5 September 2009 case 

was selected due to poor daily performance during a period of otherwise very good 

performance, so this case was a severe outlier.  The 15 June 2010 case was selected due 

to very good performance by the USPLN, which was discovered throughout sub-period 

IIIa.  The 11 July 2010 and 1 August 2010 cases were initially selected due to bad 

performance, but the poor overall statistics likely can be traced back to the USPLN 

software change that occurred around 1 July 2010. 

b. USPLN and CGLSS-II position plots 

 Before deriving performance metrics, subjective visual comparison between the 

locations of the CGLSS-II and USPLN strokes was conducted.  This initial comparison 

provides early insight into perhaps why the USPLN performed well or poorly.  The 
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graphs in Figures 42-45 display the CGLSS-II and USPLN stroke position plots for each 

of the four case studies. 

 
Figure 42. Stroke location plots for all a) CGLSS-II strokes and b) USPLN strokes 

within the study region on 5 September 2009. 

 

 
Figure 43. Stroke location plots for all a) CGLSS-II strokes and b) USPLN strokes 

within the study region on 15 June 2010. 
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Figure 44. Stroke location plots for all a) CGLSS-II strokes and b) USPLN strokes 

within the study region on 11 July 2010. 

 

  
Figure 45. Stroke location plots for all a) CGLSS-II strokes and b) USPLN strokes 

within the study region on 1 August 2010. 
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USPLN reported several strokes farther south than any reported CGLSS-II activity.  

Similar results were discovered on 15 June 2010 and 1 August 2010, where USPLN 

strokes were reported in regions of little to no CGLSS-II activity.  Interestingly enough, if 

one carefully inspects the plots from 5 September 2009 (see Figure 42), one can depict an 

overall eastward shift in the USPLN distribution compared to CGLSS-II. 

 The position plots (Figures 42-45) did provide some initial insight.  After 

evaluation, the plots from 15 June 2010 (Figure 43) clearly displayed the best USPLN 

performance.  This makes sense because 15 June 2010 also had good performance 

metrics.  The other three case studies contained a greater number of differences between 

the USPLN and CGLSS-II positions, which of course were expected given that each of 

these days contained unsatisfactory performance metrics.  The eastward shift in the 

USPLN on 5 September 2009 is also intriguing, and could serve as evidence for any 

software-related issues with the network. 

c. Stroke detection efficiency and location accuracy 

 The calculated stroke DE for each case was widely variable.  On 5 September 

2009, only 238 of 963 (24.7%) CGLSS-II strokes were detected by the USPLN.  On 15 

June 2010, a much better percentage was calculated, with 573 of 869 (65.9%) of CGLSS-

II strokes detected.  For 11 July 2010 and 1 August 2010, the numbers decreased again 

with only 238 of 1,039 (22.9%) and 460 of 2,455 (18.7%) CGLSS-II strokes detected, 

respectfully. 

 It has been shown that stroke DE can vary greatly by CGLSS-II pI , so stroke DE 

plots were also created for the case studies.  Figure 46 presents the frequency of CGLSS-

II strokes (red bars) and the frequency of those detected by the USPLN (blue bars) 
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distributed into 2 kA pI  bins for each of the case studies.  Figure 47 displays matching 

stroke DE curves with appropriate error bars representing one standard deviation. 

 On 5 September 2009, there was a very evident weakness with detecting low 

current strokes.  According to the stroke DE curve, 50% detection was not reached 

consistently until pI  became greater than 22 kA, and 90% detection was not reached 

until pI
 
was greater than 34 kA.  On this day, the stroke DE for strokes with CGLSS-II 

pI  lower than 10 kA was only 0.8%. 

 Performance was much better for 15 June 2010, when 50% detection was 

achieved for pI  greater than 8 kA, and 95% detection was achieved for pI
 
greater than 

22 kA.  Detection of higher current strokes on 15 June 2010 was excellent, however 

lower current strokes remained an issue.  USPLN stroke DE for strokes with pI  lower 

than 10 kA was still only 31.4%, a large improvement over 5 September 2009 but still not 

a sufficient percentage. 

 On 11 July 2010, the USPLN did not detect any of the CGLSS-II strokes that had 

pI  lower than 10 kA.  The stroke DE curve on Figure 47c indicates that 50% detection 

was not reached until pI  was greater than 22 kA, and 90% detection was not reached 

until pI
 
was greater than 32 kA.  The lack of detection for strokes below 20 kA was 

troubling.  Of the 1,039 CGLSS-II strokes, 762 had recorded pI
 
below 20 kA.  Only 49 

of these 762 strokes were detected by the USPLN, producing a stroke DE of 6.4%. 
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Figure 46. Histogram of CGLSS-II strokes (red bars) and those detected by the USPLN 

(blue bars) by CGLSS-II pI  for a) 5 September 2009, b) 15 June 2010, c) 11 July 2010, 

and d) 1 August 2010. 
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Figure 47. Corresponding USPLN stroke DE curves with error bars representing one 

standard deviation for the data displayed in Figure 46. 
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 Performance on 1 August 2010 was not any better.  Strokes with pI
 
values lower 

than 10 kA remained a significant problem.  Stroke DE of 50% was not achieved until an 

pI
 
value of 24 kA, and stroke DE over 90% was not reached until an pI

 
of 40 kA.  

Consider that there were 1,771 CGLSS-II strokes with recorded pI  of less than 20 kA 

on 1 August 2010.  Of those strokes, only 70 were detected by the USPLN, producing a 

minuscule stroke DE of only 0.04%. 

 The results for the case study stroke location accuracy analyses mimicked those 

discovered for the daily stroke DE analyses.  The median 95% confidence USPLN 

location errors for each case are presented in Table 17.  Figure 48 displays histograms of 

the distances between correlated strokes over 200 m bins.  For each graph, a cumulative 

distribution function was also plotted on a secondary axis. 

 

Table 17. Daily median 95% confidence USPLN location errors for the case studies. 

 

Date 95% Confidence USPLN Location Error (km) 
5 September 2009 3.770 

15 June 2010 0.576 

11 July 2010 3.454 

1 August 2010 1.767 

 

 Figure 48a depicts a very interesting distribution for 5 September 2009.  A clear 

bimodal distribution can be seen in the results.  Note that the first peak was centered 

around 1.4 km, and the second peak centered around 5.2 km.  This secondary peak causes 

a clear shift in the cumulative distribution towards higher distances, and is the cause of 

the higher median USPLN location error for this day.  The 50th percentile in Figure 48a 

was reached around 3.8 km, and the 90th percentile was achieved just below 6.0 km. 



104 

 

 
Figure 48. Histograms and cumulative distribution functions for correlated stroke 

distances on a) 5 September 2009, b) 15 June 2010, c) 11 July 2010, and d) 1 August 

2010. 
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a) Distribution of Correlated Stroke Distances - 5 Sep 2009
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b) Distribution of Correlated Stroke Distances - 15 Jun 2010
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c) Distribution of Correlated Stroke Distances - 11 Jul 2010
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d) Distribution of Correlated Stroke Distances - 1 Aug 2010
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 In contrast, the location accuracy results for 15 June 2010 were excellent.  Note 

the extremely quick decrease in the frequencies towards higher distances in Figure 48b, 

with no matching pairs containing distances above 8.2 km.  The 50th percentile was 

reached below 600 m, and the 90th percentile was achieved below 2.4 km.  Consider that 

the median 95% confidence USPLN location error (576 m) rivaled the 95% confidence 

performance metric of 567 m defined for CGLSS-II, even though the USPLN sensor 

baseline was much greater than CGLSS-II.  This alone explains why it was a banner day 

for the USPLN in terms of location performance. 

 In comparison, the location accuracy on 11 July 2010 was much worse.  Note the 

overall shift to higher distances in Figure 48c, and the reappearance of a bimodal 

distribution similar to what was seen on 5 September 2009.  The first peak was from 

about 0.8-3.0 km, and the second peak occurred from about 5.6-7.0 km.  Also note the 

presence of some correlated strokes whose distances were greater than 10 km.  According 

to the cumulative distribution function, the 50th percentile wasn’t reached until 3.4 km 

and the 90th percentile wasn’t achieved until 9.2 km. 

 USPLN stroke location accuracy for 1 August 2010 was significantly better than 5 

September 2009 and 11 July 2010, but not as impressive as that seen on 15 June 2010.  

The distribution in Figure 48d resembles that seen on 15 June 2010, but with the peak 

shifted to the right towards larger distances.  There also was a larger portion of correlated 

strokes with distances higher than 10 km compared to 15 June 2010.  However, no 

bimodal distribution was seen.  The 50th percentile was reached at a distance of 1.6 km, 

and the 90th percentile was achieved at a distance of 9.4 km. 
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 The bimodal distribution of stroke distances is by far the most interesting 

discovery after examining the daily stroke DE and location accuracy results.  It is unclear 

exactly why this distribution occurred.  Further review of these two cases revealed that 

the bimodal distribution was not dependent on stroke location, time of day, or peak 

current.  Thus, the issue may be related to software errors in the USPLN system.  The 

distribution on 11 July 2010 could be related to the 1 July 2010 software alteration, but 

the bimodal pattern displayed for 5 September 2009 remains a mystery. 

d. 4DLSS analyses 

 Recall that the 4DLSS data were used to identify uncorrelated USPLN strokes 

within the region of study.  Table 18 presents the distribution of uncorrelated strokes for 

each of the cases.  Table 19 shows the same results as Table 18, except in terms of 

percentages.  Figures 49-51 show time-height and position plot examples for classified 

CG strokes, IC strokes, and suspicious or “phantom” strokes discovered in the cases. 

 

Table 18. Frequency results for the 4DLSS classification analysis involving uncorrelated 

USPLN strokes. 

 

Stroke Category 5 Sep 2009 15 Jun 2010 11 Jul 2010 1 Aug 2010 
True CG 11 42 54 47 

Correct IC 6 56 18 1 

Misclassified IC 40 192 119 84 

“Phantom” 7 5 12 4 

Unclassified 9 53 44 26 

Total Uncorrelated 73 348 247 162 

 

 

Table 19. Matching percentages for the 4DLSS analysis results displayed in Table 18. 

 

Stroke Category 5 Sep 2009 15 Jun 2010 11 Jul 2010 1 Aug 2010 
True CG 15.1% 12.1% 21.9% 29.0% 

Correct IC 8.2% 16.1% 7.3% 0.6% 

Misclassified IC 54.8% 55.2% 48.2% 51.8% 

“Phantom” 9.6% 1.4% 4.8% 2.5% 

Unclassified 12.3% 15.2% 17.8% 16.1% 



107 

 

 
 

Figure 49. Position and time-height plots for an identified USPLN true CG stroke missed 

by CGLSS-II.  The USPLN stroke occurred at 19:54:15.750 UTC 5 September 2009. 

 

 
 

Figure 50. Position and time-height plots for an uncorrelated USPLN CG stroke that 

should have been classified as IC.  This USPLN stroke occurred at 17:28:01.275 UTC 15 

June 2010. 

  

 
 

Figure 51. Position and time-height plots for an identified USPLN “phantom” stroke.  

The USPLN stroke occurred at 19:24:45.725 UTC 11 July 2010. 
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 There were only 73 uncorrelated USPLN strokes for 5 September 2009.  Of these 

73 strokes, 11 (15.1%) were classified as true CG strokes missed by CGLSS-II.  

Therefore, assuming that the 963 CGLSS-II strokes on this day were true CG strokes, 

CGLSS-II missed only 11 of 974 CG strokes (1.1%).  There were six uncorrelated strokes 

(8.2%) correctly analyzed by the USPLN as IC strokes.  However, the majority of 

uncorrelated strokes were actually IC strokes classified as CG strokes by the USPLN.  

There were 40 strokes (54.8%) that fell into that category.  Only seven “phantom” strokes 

(9.6%) were discovered on this day, leaving the remaining nine (12.3%) as unclassifiable 

strokes. 

 For 15 June 2010, there were 348 unmatched USPLN strokes, many more than 

what were discovered for 5 September 2009.  According to 4DLSS, 42 of the 348 

uncorrelated strokes (12.1%) were identified as actual CG strokes.  Recall that 869 

strokes were detected by CGLSS-II on this day.  Assuming all CGLSS-II detected strokes 

were valid, then one could say that CGLSS-II missed 42 of 911 CG strokes (4.6%), a 

much larger percentage than 5 September 2009.  Once again, the majority of uncorrelated 

USPLN strokes were identified as IC strokes according to 4DLSS.  Of the 348 strokes, 56 

(16.1%) were correctly classified by the USPLN as IC strokes, while 192 (55.2%) were 

IC strokes misclassified as CG strokes by the USPLN.  There were 53 strokes (15.2%) 

which were not classified into a category due to the lack of a clear CG or IC signature by 

the 4DLSS data.  This left five strokes (1.4%) that were classified as “phantom” strokes. 

 On 11 July 2010, 247 USPLN strokes remained uncorrelated after going through 

the correlation procedure.  Of these strokes, 54 (21.9%) displayed a strong enough pattern 

on the time-height and position plots to be classified as CG strokes missed by CGLSS-II.  
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Assuming all 1,039 CGLSS-II strokes on 11 July 2010 were valid, CGLSS-II missed 54 

of 1,093 CG strokes (4.9%).  This percentage agrees quite well with the 4.6% missed by 

CGLSS-II on 15 June 2010, but still much higher than the 1.1% discovered for 5 

September 2009.  A smaller portion of IC strokes were correctly classified by the 

USPLN, with only 18 of 247 (7.3%) falling into this category.  Slightly less than half of 

the uncorrelated strokes (48.2%) were misclassified IC strokes.  There were 12 strokes 

(4.8%) that were deemed “phantom” strokes, and 44 strokes (17.8%) that could not be 

correctly classified using the 4DLSS data. 

 There were only 162 uncorrelated USPLN strokes within the study region on 1 

August 2010.  A significant percentage of the uncorrelated strokes were classified as true 

CG strokes, with 47 out of 162 (29.0%) falling into this category.  This may sound 

alarming for CGLSS-II, however there were 2,455 strokes recorded by CGLSS-II within 

the study region.  Therefore, CGLSS-II only missed 47 out of 2,502 (1.9%) true CG 

strokes.  The 1.9% agrees well with the 5 September 2009 result and the estimate from 

Ward et al. (2008b), but is lower than the ~5% discovered for the other two case studies.  

Considering the inability of the USPLN to detect weaker current strokes on this day, it is 

likely that most of the 47 CG strokes were strong current strokes not detected by CGLSS-

II due to the sensor saturation problem.  Approximately half of the uncorrelated USPLN 

strokes were classified as IC strokes by the 4DLSS data.  Only one stroke was correctly 

classified as IC, while the other 84 (51.8%) were classified as CG by the USPLN.  There 

were 26 strokes (16.1%) that remained unclassified after examining the 4DLSS data.  In 

terms of “phantom” strokes, only four (2.5%) were discovered for this case.  Three of the 

four did not display any 4DLSS leader points within 0.3 seconds of the stroke occurrence. 
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e. Radar analyses of “phantom” strokes 

 In general, the results of using KMLB composite radar reflectivity to analyze 

“phantom” strokes were inconclusive.  However, on 5 September 2009, two of the seven 

“phantom” strokes did occur well outside the region of a thunderstorm cell.  Figures 52 

and 53 depict the locations of the two “phantom” strokes with the correct radar images.  

Notice how both strokes are located just off the east coast of Merritt Island, while the 

nearest and only storm is located well offshore to the northeast. 

 
 

Figure 52. KMLB composite reflectivity image from 0545 UTC 5 September 2009.  A 

classified USPLN “phantom” stroke location was overlaid onto the image using the white 

crosshairs and identified by the yellow circle. 

 

 

 It is possible that these strokes may have occurred in the anvil overhang region of 

the storm cell in the image, which would not be detected well by radar imagery.  

Environmental soundings provided by the CCAFS/KSC Warm-Season Convective Wind 

Climatology database revealed southeasterly to southwesterly flow at all levels during the 
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times of these two events (Plymouth State University 2010).  Thus, the anvil for the 

convective cell seen here would clearly have a northerly component, which is away from 

the locations of the suspected “phantom” strokes. 

 
 

Figure 53. KMLB composite reflectivity image from 0738 UTC 5 September 2009.  A 

classified USPLN “phantom” stroke location was overlaid onto the image using the white 

crosshairs and identified by the yellow circle. 

 

 One other “phantom” stroke that warranted some suspicion occurred on 1 August 

2010.  This stroke occurred well behind any organized convection, in the stratiform rain 

region of a convective complex.  The stroke location and respective radar imagery are 

shown in Figure 54.  During the hour that this stroke occurred, CGLSS-II only recorded 

two strokes within the study region.  USPLN recorded five strokes during the hour, 

including this “phantom” stroke.  The other four USPLN strokes were uncorrelated with 

CGLSS-II and classified as IC strokes based on the 4DLSS analysis.  Thus, at the very 
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least it seemed that USPLN may have misclassified another IC stroke as CG, if not 

completely falsely detecting the stroke. 

 
 

Figure 54. KMLB composite reflectivity image from 2237 UTC 1 August 2010.  A 

classified USPLN “phantom” stroke location was overlaid onto the image using the white 

crosshairs and identified by the blue circle. 

 

 As stated previously, the rest of the radar analysis results were inconclusive.  The 

rest of the “phantom” strokes for all four case studies either occurred within or around the 

near periphery of a convective cell.  Figure 55 shows an example of one stroke from 15 

June 2010 that occurred around the storm cell periphery.  Due to the close proximity of a 

convective cell, it was impossible to state anything about the validity of a “phantom” 

stroke if solely using the radar imagery alone.  This is simply because lightning 

commonly occurs around the edges of a storm cell, including where precipitation is not 

falling. 
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Figure 55. KMLB composite reflectivity image from 1712 UTC 15 June 2010.  A 

classified USPLN “phantom” stroke location was overlaid onto the image using the white 

crosshairs and identified by the yellow circle. 

 

f. Peak current misclassifications 

 A quick analysis of the correlated data for the four case studies was conducted to 

determine errors in USPLN stroke misclassification and false polarities.  USPLN 

misclassifications were determined if a correlated stroke detected by both networks was 

classified as an IC stroke by the USPLN, with Ip of 0 kA.  False polarities were 

determined by simply comparing Ip recordings of correlated strokes between both 

networks.  If the USPLN recorded the opposite polarity from CGLSS-II, then a false 

polarity was reported. 

 Table 20 indicates that neither of the two issues described above were significant 

problems for the USPLN.  There were 1,509 correlated strokes for the four case studies 

combined.  Only one of these correlated strokes had a USPLN Ip reading of 0 kA, 
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suggesting that USPLN is successful in classifying true CG strokes correctly.  The 

problem, as indicated in the 4DLSS analysis, seems to be incorrectly classifying IC 

strokes as CG strokes.  For false polarities, only five out of 1,509 strokes had opposite 

polarities.  This error is extremely small, but could possibly be attributed to the issues 

with USPLN peak current calibration. 

 

Table 20. Results for the USPLN stroke misclassification and false polarity analyses. 

  

Type 5 Sep 2009 15 Jun 2010 11 Jul 2010 1 Aug 2010 Total 
Strokes 238 573 238 460 1509 

Misclassified  0 1 0 0 1 

False Polarity 0 3 1 1 5 

 

 In general, the case studies highlighted several strengths and weaknesses for the 

USPLN.  The two analyses above indicate that the USPLN rarely classifies CG strokes 

incorrectly and rarely analyzes the incorrect stroke polarity.  The 15 June 2010 case study 

revealed that USPLN performance can be quite good, with strong DE and location 

accuracy metrics.  However, plots of the other case studies revealed some discrepancies 

between the two networks.  The bimodal distributions discovered in Figures 48b and 48d 

suggest that perhaps USPLN software alterations may be responsible for the poor 

performance.  In the case of 11 July 2010 this could involve the 1 July 2010 software 

change.  The 4DLSS analysis concluded that the majority of uncorrelated USPLN strokes 

were IC strokes, with most being incorrectly classified by the USPLN as CG strokes.  

Few “phantom” strokes were discovered, and most occurred too close to the storm cell to 

be suspect based on radar imagery analysis.  However, a few “phantom” strokes were 

suspect since either their location was far from a storm cell or they had little supportive 

data according to the other sources used in this study. 
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CHAPTER 6 

6. Discussion and summary 

a. Study discussion and conclusions 

 This study of USPLN performance revealed several initial strengths for the 

network.  First, a clear increase in USPLN location performance was discovered over the 

majority of the study period.  This was evident from a significant decrease in the 95% 

confidence location accuracy to 626 m during sub-period IIIa, when the network was 

running at full strength.  This location error rivals the performance metrics provided for 

CGLSS-II.  Considering the expanded sensor baseline of the USPLN, this performance is 

impressive.  However, caution must be applied since it is difficult to extrapolate this 

performance metric to other portions of the CONUS, mainly because the network in east-

central Florida is denser than other regions.  However, the temporal performance trend 

(which was generally an increase) could be applied to nationwide performance, which 

would support overall improvement for the USPLN. 

 A second strength was the ability of the USPLN to effectively detect high current 

strokes.  This was confirmed by the results of the CGLSS-II 
pI analysis, which produced 

excellent stroke DE metrics for high current strokes.  The USPLN also additionally 

detected CG strokes missed by CGLSS-II, according to the 4DLSS observations 

discovered in the case studies.  The majority of CG strokes missed by CGLSS-II were 

likely high current strokes that saturated the network of CGLSS-II sensors.  The 

importance of strong detection for high current strokes lies in the needs of the customers 

since these are the strokes most likely to cause the most damage.  For example, power 
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companies may be more concerned with high current strokes that can cause significant 

damage, but less concerned with low current strokes which may produce less damage. 

 A third strength was the ability of the USPLN to detect at least some form of 

lightning activity when CGLSS-II recorded lightning activity.  This was shown through 

the pseudo-thunderstorm DE analysis, which produced a POD of 0.901.  The USPLN 

rarely missed detecting any lightning activity when CGLSS-II detected activity.  The 

importance of this strength again lies in the needs of a customer.  In particular, this metric 

is useful when customer operations have to cease due to any lightning activity within a 

given area. 

 While several strengths were identified, several weaknesses were also discovered 

for the USPLN.  First, perhaps the largest weakness was the poor detection of low current 

strokes, particularly those with CGLSS-II 
pI

 
values below 16 kA.  In this study, 

approximately 61.5% of all CGLSS-II strokes had 
pI

 
less than 16 kA.  Poor detection 

was present throughout the entire period of study, although slight improvement was seen 

temporally.  It is possible that some of the metrics calculated for lower peak currents 

were artificial based on the chosen method for eliminating low current IC strokes.  Other 

methods to handle filtering of IC strokes are discussed for future work.  Regardless of the 

method, a significant portion of low current strokes may still go undetected.  This may be 

attributed to the larger sensor baseline of the USPLN, where the signals produced by low 

current strokes may not be strong or well-defined enough to allow for a location solution.  

Recall that the USPLN requires signal detection by at least three sensors, with a fourth 

sensor required for redundancy.  The lack of a clear or defined wave-form signal on just 

one of these sensors could easily lead to missed detection.  The pseudo-flash DE analysis 



117 

 

revealed that many of the undetected strokes were subsequent strokes in a flash.  Thus, 

the USPLN seems to perform slightly better when analyzing just flashes over individual 

strokes. 

 A second weakness was the sensitivity of USPLN performance to sensor outages 

within the network.  The average stroke DE and location accuracy analyses revealed a 

drastic decrease in performance when sensor outages significantly altered the USPLN 

sensor baseline.  In this particular study, the baseline was significantly affected when 

outages of two sensors occurred, and both detection and location performance suffered 

significantly.  Directional biases also varied due to sensor outages, which changed the 

overall geometry of the active sensors.  The vast size of the USPLN network makes it 

rather difficult to identify and fix individual sensor outages, compared to CGLSS-II 

which consisted of only six local sensors at maximum.  However, sensor outages should 

be considered when customers request lightning data for a past event, based on the 

findings in this study.  A potential solution could be adding additional sensors over the 

CONUS, particularly in areas with high lightning occurrence.  Adding sensors would 

increase the robustness of the USPLN to sensor outages while also likely improving upon 

the detection of weaker current strokes, which was already shown as a major weakness. 

 Third, the USPLN seems to over-classify IC strokes as CG strokes at a fairly high 

rate, as evidenced by the case studies.  It is unclear exactly why this occurs, but it is 

hypothesized that perhaps the reason may be the signal return time threshold used to 

define IC and CG strokes.  Adjusting this threshold may reduce the number of false CG 

strokes.  However, the importance of this weakness once again is dependent on the 

customer.  Customers may just be concerned about lightning activity in general, 
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regardless of whether they are classified as IC or CG strokes.  For investigations into past 

CG lightning events, true CG strokes classified as IC strokes are more of a concern 

compared to IC strokes classified as CG strokes.  Thus, the importance of this issue may 

be minimal. 

 While completing this study an issue was discovered with CGLSS-II that may 

have some impact on the results.  In December 2010, the 45 WS retrieved video 

confirmation of a lightning event that occurred during September 2010, after the end of 

the study period.  Poor CGLSS-II location performance for this event was discovered, 

and subsequently led to minor configuration changes in three of the five active CGLSS-II 

sensors on 9 December 2010.  However, a major configuration change was required to 

the Melbourne sensor (sensor #2), perhaps due to the placement of a large metal building 

and underground cables near the sensor site.  The building was built around December 

2008, so any effects from this building would have possibly impacted a significant 

portion of the study period.  The examined lightning event was simulated again after the 

corrections to the sensors and the location and detection were much improved (Roeder 

2010, personal communication). 

 The magnitude and impacts of this issue on the results of this study remain 

unclear.  It was difficult to pinpoint a drastic change in the results around December 2008 

due to the lack of any lightning events.  The latest event in the study region prior to this 

discovery occurred on 12 October 2008.  The next event analyzed did not occur until 31 

March 2009.  This made any change in performance difficult to determine, especially 

compared to the drastic change discovered around 1 July 2010.  Additionally, all events 

for sub-period I after December 2008 contained at least one USPLN sensor outage.  
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While it was discovered that one sensor outage did little to affect the results in this study, 

it added to the difficulty in evaluating how this CGLSS-II problem may have affected the 

results. 

b. Future work 

 There are several different approaches that could be taken for possible future 

work involving further verification of the USPLN.  First, and foremost, comparisons with 

additional lightning networks should be conducted.  These comparisons could involve 

other local networks across the CONUS, which could provide a better estimation of 

USPLN performance in other regions of the network.  In addition, comparisons with 

other national networks, such as the NLDN, could be conducted in the future, provided 

that the national network has verified performance metrics.  Verified performance metrics 

(at the time of network selection) supported CGLSS-II as a simple choice for this study. 

 Another approach for future work involves the quality controls with the 

verification data.  An area of possible bias in this study involves the elimination of low 

positive current strokes from the CGLSS-II data.  Recall that this study eliminated all low 

positive current strokes on the suspicion that the majority were actually IC strokes.  Low 

negative current strokes were not eliminated.  However, it is likely that some IC strokes 

were also recorded as low negative current strokes.  Thus, this overabundance of strokes 

may be causing an underestimation of USPLN performance for low current strokes, 

which was identified as a USPLN weakness.  In this study, providing an estimate for the 

percentage of low current strokes that were IC, along with identifying which ones, were 

difficult matters.  The long-term nature of this study prevented further examination into 

this dilemma.  However, for a short-term study, the 4DLSS dataset could be acquired and 
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examined in a similar matter with respect to CGLSS-II strokes as it was with USPLN 

strokes in the case studies.  CGLSS-II strokes could be classified as CG or IC strokes 

based on the patterns recognized on time-height and position plots generated using the 

4DLSS data.  Those which display a clear IC signature could then be eliminated from the 

dataset.  It would be interesting to compare this method of elimination to the one used in 

this study for several active lightning days, and to see if the results are dramatically 

different.  However, one needs to be cautious since the 4DLSS does not always clearly 

classify a stroke, as evidenced in the case studies.  Also, strokes occurring in pre-existing 

lightning channels can raise issues with classification. 

 Future comparisons of the USPLN with CGLSS-II should eventually be 

conducted due to forthcoming changes in the sensors of both networks.  TOA Systems, 

Inc. is currently testing new sensors on a Florida meso-network for eventual 

implementation into the GLN.  CGLSS-II eventually should receive a sensor upgrade as 

well and be restored to a six-sensor configuration.  Once both network upgrades are 

complete and the networks are stable, another comparison similar to this study could be 

produced to see if performance for either network has drastically changed.  In addition to 

the methodologies utilized in this paper, several other analyses are suggested.  First, an 

analysis of peak current accuracy should be completed if the new USPLN sensors are 

calibrated correctly.  Second, one could model USPLN performance versus the median 

distance between sensors as a function of range, in this case from KSC/CCAFS.  

Numerous techniques could be chosen to derive the median distance.  Modeling would 

create a function that could better estimate network performance across the CONUS, 

rather than just for the local study region.  Third, one could perform a regression analysis 
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involving USPLN directional error and the active USPLN sensor geometry, in order to 

examine if a general function for directional error could be created.  Fourth, for 

“phantom” strokes, one could utilize a method derived by McNamara (2002) to calculate 

the probability of a flash being an observed distance away from a storm cell core.  This 

would give some measure of confidence for a “phantom” stroke being real or imaginary.  

Fifth, a stroke-based FAR should be estimated for the USPLN, in order to give a 

quantitative estimate of false alarm activity.  Finally, individual events could also be 

confirmed using video confirmation techniques.  An extensive video system has been 

designed for Space Shuttle Complex 39B at KSC for enhanced video coverage of 

lightning events over the coming years, which could prove valuable to a similar future 

study (Mata and Rakov 2011). 

 While not related to the USPLN, it would be interesting to see a similar stroke-

stroke comparison conducted for the other nationwide networks.  Recall that the NDLN 

study provided by Ward et al. (2008b) was more of a flash detection study due to the 

limitations of CGLSS-I, even though NLDN stroke data were provided.  Since both 

networks now are capable of detecting every individual stroke, a similar performance 

analysis to this study could be conducted between the NLDN and CGLSS-II.  If over a 

similar time period and using similar assumptions, direct performance comparisons 

between the NDLN and USPLN could be determined. 

c. Thesis summary 

 This research project conducted a comparative study between the United States 

Precision Lightning Network (USPLN) and the second generation of the Cloud-to-

Ground Lightning Surveillance System (CGLSS-II).  The USPLN is a nationwide 
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detection network co-owned by WSI Corporation and TOA Systems, Inc.  WSI requested 

a comparison study in order to aid in validating performance metrics computed through 

network simulations and fixed tower analyses.  CGLSS-II was chosen as the comparative 

network due to its robust performance metrics and importance for operations at Kennedy 

Space Center and Cape Canaveral Air Force Station (KSC/CCAFS).  In contrast to the 

USPLN, CGLSS-II is a local detection network of six sensors surrounding the Cape 

Canaveral region.  CGLSS-II and USPLN share many similarities including: the ability to 

detect and record all strokes in a flash, the use of GPS synchronized timing, and the use 

of the time-of-arrival technique to locate strokes.  A key difference between the two 

networks is the sensor baseline, which is significantly larger for the USPLN. 

 The temporal scale of this project was chosen as 20 May 2008 to 31 August 2010, 

providing over two years of study.  Several sub-periods had to be defined due to changes 

in CGLSS-II configurations which affected the performance metrics required for 

verification.  The region of study was bounded by the latest CGLSS-II five-sensor 

configuration, since CGLSS-II performs best within the region bounded by the sensors.  

Stroke data for both networks were collected, quality-controlled, and converted into like 

formats.  A correlation procedure was selected which matched CGLSS-II and USPLN 

strokes if the stroke report times were within ±3 ms and if the reported locations were 

within 15 km of each other. 

 Analyses of USPLN stroke detection efficiency (DE) were conducted through a 

number of procedures.  Simple weighted average methods were used to determine the 

average USPLN stroke DE for each sub-section of data.  Results showed improvement 

with time however a significant decrease in performance was discovered after 1 July 
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2010.  This resulted in the division of sub-period III into sub-periods IIIa and IIIb.  The 

USPLN clearly was having trouble detecting a significant portion of CGLSS-II strokes, 

so additional analyses were conducted to isolate potential causes.  Logistic regression 

was used to determine the strength of the relationship between the CGLSS-II peak 

current magnitude and detection by the USPLN.  Results indicated that some relationship 

existed, with the relationship becoming stronger as the USPLN baseline changed due to 

sensor outages.  To graphically examine the logistic regression results, discrete frequency 

and stroke DE curve plots were created for each class of USPLN sensor outages.  Results 

clearly indicated poor detection of low current strokes while detection of higher current 

strokes was much improved.  Low current strokes comprised a large portion of the 

overall CGLSS-II stroke distribution, so the cause of the poor overall detection by the 

USPLN was likely low current strokes.  An analysis of stroke DE versus CGLSS-II 

stroke rate was conducted to determine if performance varied greatly based on the 

amount of lightning activity.  Results showed that USPLN performance did not change 

drastically, regardless of whether few strokes or many strokes were occurring at once.  A 

pseudo-flash DE analysis was then used to determine if the low current strokes were 

primarily subsequent strokes in a flash.  CGLSS-II strokes were grouped into pseudo-

flashes using a known flash algorithm.  Results indicated that the USPLN pseudo-flash 

DE was improved over the stroke DE, and a significant portion of the missed strokes by 

the USPLN were indeed subsequent strokes in a flash.  For customer consideration, a 

pseudo-thunderstorm DE analysis was also conducted.  Results showed that the USPLN 

was successful approximately 90% of the time at detecting at least one stroke in a region 
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where the CGLSS-II network also detected lightning.  However, the USPLN also 

contained a false alarm rate of just over 20%. 

 Analyses of USPLN location accuracy revealed similar trends to those seen in the 

stroke DE analyses.  Significant improvement was discovered from the beginning of the 

study period up to 1 July 2010.  USPLN 95% confidence location errors for sub-period 

IIIa rivaled metrics computed for CGLSS-II.  A significant decline in performance 

matched the decline seen in the stroke DE analyses for sub-period IIIb.  As expected, a 

decrease in accuracy was discovered when the USPLN baseline was greatly affected by 

sensor outages.  Analyses for USPLN directional biases revealed a northeast to east bias 

for the USPLN, coinciding with the lack of a nearby sensor to the east of the study 

region.  A prominent southwest bias was also discovered, perhaps explained by the linear 

geometry of three sensors to the southwest of the study region.  Varying sensor 

geometries due to USPLN sensor outages did have an altering effect on the main 

directional biases portrayed in this study. 

 Case study examinations were conducted for four days that met the selection 

criteria.  The 15 June 2010 case study revealed very strong detection and location 

accuracy performance, while the other three days produced weak USPLN performance.  

In particular, the stroke distances for 5 September 2009 and 11 July 2010 displayed a 

bimodal distribution, which was not discovered for the other two cases.  The 4DLSS 

analysis for each case revealed that the vast majority of uncorrelated USPLN strokes 

were misclassified IC strokes by the USPLN network.  Assuming all CGLSS-II strokes 

were true CG strokes, USPLN detected between 1-5% of CG strokes missed by CGLSS-

II.  Any discovered “phantom” USPLN strokes were cross-examined with KMLB 
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composite reflectivity imagery.  The radar analyses overall provided little support for 

these “phantom” strokes since most occurred within or in the periphery of a convective 

cell.  However, two strokes on 5 September 2009 and one on 1 August 2010 did raise 

some suspicion. 

 This study concluded that the USPLN displayed much improved location error up 

to the USPLN software change discovered around 1 July 2010.  The USPLN performed 

very well detecting high current strokes, which may be more important to customers due 

to their increased peak current damage potential.  In contrast, the USPLN performed 

poorly detecting low current strokes.  Several hypotheses were suggested for support of 

this result, including sensor characteristics and the filtering of IC strokes.  Sensor outages 

clearly were a hindrance when they greatly affected the sensor baseline, leading to the 

conclusion that one should consult sensor outage information whenever using archived 

data to examine an event.  Over-classification of true IC strokes as USPLN CG strokes 

also seemed to occur frequently.  It is unclear why this occurred but several hypotheses 

were suggested. 

 Two important events, which are being investigated, involved potential software 

changes to both the USPLN and CGLSS-II during the period of study.  WSI did discover 

a software alteration made around 1 July 2010, so the drastic change in performance was 

likely related to this software change.  Video confirmation of a lightning event in 

September 2010 revealed some issues for CGLSS-II, which subsequently led to 

configuration changes in some of the CGLSS-II sensors.  It is unclear how the CGLSS-II 

issue may have impacted the study, but the impact is likely minimal.  Minimal impact is 
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supported by other events examined during the period of study that revealed excellent 

CGLSS-II performance. 

 Several future study methods were suggested.  Comparisons to other local 

networks across the CONUS or a national network using similar quality controls and 

performance analyses were recommended.  A smaller study between CGLSS-II and 

USPLN could be conducted using a different method to filter IC strokes.  Another 

CGLSS-II and USPLN comparison should be conducted after both networks eventually 

receive sensor upgrades, with additional methodologies included.  Finally, similar stroke-

stroke comparisons between other national networks and CGLSS-II could be conducted 

to provide exact comparisons between the national networks to see which network(s) 

perform at a higher level. 
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