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ABSTRACT 
 

Thunderstorms that occur in areas of complex terrain are a major severe weather 

hazard in the intermountain western U.S.  Short-term quantitative estimation (QPE) of 

precipitation in complex terrain is a pressing need to better forecast flash flooding.   

Currently available techniques for QPE, that utilize a combination of rain gauge and 

weather radar information, may underestimate precipitation in areas where gauges do not 

exist or there is radar beam blockage.   These are typically very mountainous and remote 

areas, that are quite vulnerable to flash flooding because of the steep topography.  

Lightning has been one of the novel ways suggested by the scientific community as an 

alternative to estimate precipitation over regions that experience convective precipitation, 

especially those continental areas with complex topography where the precipitation 

sensor measurements are scarce. This dissertation investigates the relationship between 

cloud-to-ground lightning and precipitation associated with convection with the purpose 

of estimating precipitation- mainly over areas of complex terrain which have 

precipitation sensor coverage problems (e.g. Southern Arizona).  

The results of this research are presented in two papers. The first, entitled Toward 

Development of Improved QPE in Complex Terrain Using Cloud-to-Ground Lighting 

Data: A case Study for the 2005 Monsoon in Southern Arizona, was published in the 

Journal of Hydrometeorology in December 2012. This initial study explores the 

relationship between cloud-to-ground lightning occurrences and multi-sensor gridded 

precipitation over southern Arizona. QPE is performed using a least squares approach for 

several time resolutions (seasonal –June, July and August-, 24 hourly and hourly) and for 
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a 8 km grid size.  The paper also presents problems that arise when the time resolution is 

increased, such as the spatial misplacing of discrete lightning events with gridded 

precipitation and the need to define a “diurnal day” that is synchronized with the diurnal 

cycle of convection.   

The second manuscript (unpublished), entitled An Improved QPE Over Complex 

Terrain by Using Cloud-to-Ground Lightning Occurrences, provides a new method to 

retrieve lightning-derived precipitation at 5 minutes and 5 Km time and space resolutions. 

A stationary model that employs spatio-temporal neighboring (Space and Time Invariant 

model –STI) improves upon the least squares method in the first paper. By applying a 

Kalman filter to the STI model, lightning-precipitation is retrieved by a dynamic model 

that changes in time. The results for seasonal and 5 minute time resolution show that the 

dynamic model improves the retrievals derived by the STI model.  
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CHAPTER 1 

 INTRODUCTION 
 

1.1 Background 

The accurate estimation of precipitation is vital for weather prediction and 

nowcasting, as this bears  an operational prediction of real time hazards, such as flooding 

and landslides (Todd et al., 2001; Krajewski and Smith, 2002; Anagnostou, 2004; Price et 

al., 2011; among others). Historically, rainfall has been mainly measured by rain gauges 

and radars. Each one of these techniques has its strengths and weaknesses. Rain gauges 

physically measure the precipitation that reaches the ground and is commonly used to 

calibrate other remote sensing techniques. It can measure at high frequencies, if so 

required. However, it is a point measurement that can lead to sparse spatial coverage. In 

order to calculate quantitative precipitation estimation (QPE) over large areas, it is 

necessary to utilize statistical or geo-statistical methods, which often results in inaccurate 

estimates (Morin and Gabella, 2007). Weather radars are devices that send microwave 

signals and relate the backscattered echo from the hydrometeors with precipitation rate 

(Z-R relationship). They estimate precipitation at high spatio-temporal resolutions, 

providing better coverage than rain gauges.   Radars are considered the best operational 

tool for estimating precipitation (Doswell et al., 1996; Krajewski and Smith 2002, Morin 

et al. 2005). Yet, weather radar measurements and estimations are affected by factors like 

the incorrect calibration of the Z-R relationship, bright band over-estimation, and over-
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estimation due to virga and topography blockage (Crosson et al., 1996; Fulton, 1999; 

Krajewski and Smith 2002; Morin et al. 2005).  This latter factor is one of the most 

important affecting QPE, especially in regions of complex terrain, as will be seen in this 

work. 

The combination of the two techniques described above has been demonstrated 

and practiced by a number of authors (Stellman et al. 2001; Xie and Arkin, 1995; 

Kursinski and Zeng, 2007; Kitzmiller et al., 2011). Even with the combination of gauge 

and radar information, QPE is still a problem, especially in complex terrain (Maddox et 

al, 2005; Kursinski and Zeng, 2007; Kitzmiller et al., 2011; Xu et al., 2013). There have 

been a number of techniques proposed to mitigate the lack of measurements in such 

areas.  Satellite remote sensing is one possibility. For example, polar-orbiting satellites 

with active microwave sensors provide high spatial-resolution and high accuracy; 

however, they offer measurements only twice a day (Kidd et al. 2003 and Joyce et al 

2004). Other satellite options are the geosynchronous with infrared (IR) sensors, which 

relates the cloud top temperature with the observed ground precipitation. These 

instruments provide high temporal resolution (~30 min) space resolution over ~10 km 

(Anagnostou 2004 and Xu et al. 2013), but they must be calibrated with surface 

instruments. In both cases, satellite temporal and spatial resolution is inadequate for real-

time and hazards forecasting (Anagnostou, 2004 and Vasiloff et al., 2007). 

The best alternative for improving QPE appears to be the combination of several 

techniques and geo-statistical methods. In the United States, the effort to seek new and 

better precipitation retrievals has motivated the development of retrospective multi-
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sensor precipitation products.  These include: the National Center of Environmental 

Prediction (NCEP) stage IV data (Lin and Mitchell, 2005) and the National Severe Storm 

Laboratory (NSSL) National Mosaic and Multi-sensor Quantitative Precipitation 

Estimation System Q2 (Vasiloff et al., 2007; Langston et al., 2007; Zhang et al., 2011). 

Despite the improvement achieved with the use of more complicated algorithms to 

retrieve radar and gauge multi-sensor precipitation, there is still the remaining problem of 

estimating precipitation over remote areas, especially over mountainous regions.  Many 

of the cities within the intermountain western U.S (Tucson, Phoenix, Las Vegas, Salt 

Lake City, El Paso, Albuquerque) are located close to mountain ranges with radar 

blockage problems.   Maddox et al. (2002) show the magnitude of this problem in Figure 

1 in Appendix A and B. In other countries, such as those in Latin America, the coverage 

problem is even worse because of the lack of dense radar networks and precipitation 

measurements.  

Since the late 1950’s, the relationship between convective precipitation and 

lightning has been studied (e.g. Parczewski, 1958). Over the last three decades, 

observations and models  (e.g., Lhermitte and Krehbiel, 1979; MacGorman et al., 1989; 

Wiens et al., 2005; Latham et al., 2007; MacGorman et al., 2008, Baker et al., 1995; 

Latham et al., 2004 and Mansell et al., 2005) have concluded that cloud convective 

cycles, vertical mass flux, and hail have a strong correlation with the rate of cloud 

electrification, which is strongly linked to the rate of total lightning discharges 

(intracloud and cloud-to-ground). The studies of MacGorman (1989) and MacGorman et 

al. (2008) suggest that cloud-to-ground (CG) flashes are correlated with the formation of 
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precipitation and its descent to lower levels of the storm. CG lightning accompanies 

precipitation during most of the life cycle of a lighting-producing storm (e.g. Battan, 

1965; Petersen and Rutledge, 1998; Gungle and Krider, 2006, Xu et al., 2013). 

On this basis, the Lightning-Precipitation Relationship (LPR) has been used to 

estimate precipitation over regions with scarce precipitation sensor coverage and may 

remediate the lack of observations in these areas (e.g. Battan, 1965; Petersen and 

Rutledge, 1998; Gungle and Krider, 2006; Xu et al., 2013). Overall, the LPR studies vary 

depending on the spatial and temporal scale considered. While some of them have 

investigated the relationship over continental and seasonal time and space scales (e.g. 

Sheridan et al., 1997; Petersen and Rutledge, 1998; Soriano et al., 2001), others have 

studied LPR at the storm time and space scale (e.g. Battan, 1965; Peipgrass and Krider, 

1982; Reap and MacGorman, 1989; Cheze and Sauvageot, 1997; Soula and Chauzy, 

2001; Gungle and Krider, 2006). Results of prior investigations have demonstrated that 

the correlation between these two variables can change depending on the geographic 

region and the convective environment (Petersen and Rutledge, 1998).  However, the 

relationship between precipitation and lightning occurrences has not yet been explored in 

depth. Despite all the research that shows it is possible to retrieve lightning derived 

precipitation (e.g. Battan, 1965; Peipgrass and Krider, 1982; Reap and MacGorman, 

1989; Cheze and Sauvageot, 1997; Soula and Chauzy, 2001, Gungle and Krider, 2006; 

Sheridan et al., 1997; Petersen and Rutledge, 1998; Soriano et al. 2001), in operational 

practice, lightning is just used indirectly in a qualitative way to locate convection (Price 
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et al., 2011), but not to quantitatively augment the QPE derived from other remote 

sensing techniques (Morales and Anagnostou, 2003, Anagnostou, 2004,  Xu et al., 2013).  

 In this dissertation, we address the spatio-temporal problem regarding the 

relationship between convective rainfall and cloud-to-ground lightning occurrences by 

using multi-sensor precipitation data from the two aforementioned products: NCEP stage 

IV data and NSSL Q2 data.  The purpose is to enhance their retrievals- mainly over 

regions of poor precipitation sensor coverage, such as Southern Arizona, and potentially 

integrate this data to their current established algorithms.   

 

1.2 Goals and Objectives 
 

 Considering that none of the multisensory products have included lightning 

precipitation retrievals in their algorithms, this information may be beneficial where both 

gauge and radar data are absent. This dissertation is one of the first efforts to correlate 

multi-sensor precipitation estimation and lightning to retrieve lightning-derived 

precipitation over regions of poor sensor coverage. To develop this investigation, the 

following research questions are addressed: 

1) Can gridded lightning be used to estimate precipitation over regions with poor 

sensor coverage?  

2) What are the spatio-temporal scales where the lightning-precipitation relationship 

maintains statistical significance? 

3) Can a method for retrieving lightning-derived precipitation for high spatio-
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temporal resolutions be developed? 

First, an exploratory analysis of the relationship between precipitation and 

lightning, by employing NCEP stage IV precipitation and lightning data from the 

National Lightning Detection Network, is performed in the first study. During the 2005 

monsoon season a correlation analysis is preformed for spatial resolutions of 8 Km and 

temporal resolutions of a season, 24 hrs and 1 hour over Southern Arizona (a region 

characterized by its complex terrain and radar beam blockage). The correlation between 

the two variables under study was compared for two cases that considered the following 

conditions:  

1) precipitation over all the grids in the spatial domain; and  

2) only grids with sensor coverage. 

The development of a novel method is proposed to correlate precipitation and 

lightning to deal with the problem of attempting to correlate a discrete spatio-temporal 

variable (lightning counts) and a continuous variable such as precipitation. This method 

is more useful for higher time and space resolution. The development of this study and 

the results are presented in the first published article (Minjarez-Sosa et al., 2012), shown 

in Appendix 1 of this Dissertation and summarized in Section 2.1.The first and second 

questions are partially answered in the first published paper. Precipitation is estimated 

over poor sensor covered domains, even though there is no objective way to evaluate the 

estimate.  A significant correlation was found even for the highest time resolution in 

stage IV data. The lightning retrieved precipitation was obtained by using the traditional 
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linear model utilized in most of the literature (e.g. Gungle and Krider, 2006; Petersen and 

Rutledge, 1998). 

The latter study in this dissertation addresses the three previously mentioned 

research questions where a multi-sensor precipitation data set with higher space and 

temporal resolution is used: NMS Q2 data provided by NSSL. A data denial analysis was 

performed over a region with no sensor coverage problems, specifically west Texas 

around the Midland surveillance Radar station (KMAF).  

The relationship between precipitation and lightning occurrences was explored for 

several space and time resolutions. These spatial resolutions are 5, 10 and 15 km and the 

temporal resolutions are 5, 15, 20, 30 and 60 minutes. This study was performed using 

data for the months of June, July, August and September for years 2009 and 2010 for the 

regions of Southern, Arizona (around KEMX radar station) and Western Texas (around 

KMAF radar station). 

Two novel methods for estimating precipitation are developed by using cloud-to-

ground lightning events for higher spatio-temporal resolutions. The first is a static linear 

model that includes neighbors in space and time for the estimation of precipitation in grid 

I,j, a Spatial and Time Invariant Model (STI).  The second model consisted of applying a 

Kalman filter to the STI model to obtain a new, dynamic model that varies per time step. 

The dynamic model allows the estimation of a fraction of stratiform precipitation that is 

not estimated by the other models. The development of this last study and the results are 

presented in Appendix 2 of this Dissertation and are summarized in Section 2.2. 
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CHAPTER 2  
 

PRESENT STUDY 
 

 

This work studies the relationship between gridded precipitation and cloud-to-

ground lightning occurrences. It presents a methodology for precipitation estimation in 

regions of poor sensor coverage, by considering the relationship of cloud-to-ground 

lightning occurrences to multi-sensor precipitation at high space and time resolutions (5 

minutes and 5 Km).  The methods, results, and conclusions of this study are presented in 

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

important findings in this document. 

 

Appendix A. Toward Development of Improved QPE in Complex Terrain Using 

Cloud-to-Ground Lightning Data: A Case Study for the 2005 Monsoon in Southern 

Arizona. 

(Note: This manuscript was published in the Journal of Hydroclimatology, 

December 2012) 

 8 Km grid size NCEP stage IV precipitation data are correlated with the same size 

gridded cloud-to-ground NLDN lightning for seasonal, 24-hourly and hourly time 

resolutions for Southern Arizona, specifically, the region enclosed by 30.9148–

32.45668N latitude and -109.7318–111.4458W longitude. To compare precipitation (a 

continuous variable) and lightning occurrences (a discrete variable), the geo-location of 



19 
 

the discrete lightning strikes was convolved with a two dimensional Gaussian 

distribution, denoted as a “Gaussian Count”. Based on the results of Stall et al. (2009), 

with reference to multi-strokes distance distributions for Southern Arizona, this Gaussian 

function had a standard deviation of 2.6 km. Therefore, more than 50% of the multi-

strokes negative CG flashes have multiple ground contacts with a mean separation of 2.6 

km. All the factors investigated that concerned LPR were carried out for both discrete 

counts and Gaussian counts. 

Another aspect of this study considers how to differentiate between convective 

and non-convective precipitation. Previous studies (Petersen and Rutledge, 1998; Gungle 

and Krider, 2006) have employed precipitation thresholds to make this separation, either 

based on the idea that convective precipitation has greater precipitation rates (Gungle and 

Krider, 2006) and non-convective precipitation (mostly stratiform) has lower 

precipitation rates, or by using climatological criteria (Petersen and Rutledge, 1998). 

Precipitation explained by Lightning (PEL) is defined simply as the precipitation that is 

co-located in time and space with at least one discrete count or 0.25 Gaussian count.  

Considering the criteria in the previous definition, it was found that about 50 % of the 

total precipitation in the domain was PEL by using the discrete lightning definition and 

almost 70 % using the Gaussian count definition.  

The comparison between PEL and discrete or Gaussian counts is then performed 

for every time resolution. For the seasonal case the results showed that when all grids in 

the domain are considered in the relationship, regardless of the sensor coverage, the 

explained variance explained was 23%. When only grids with sensor coverage are 



20 
 

considered, R2 reaches 39%. For both cases, the correlation was statistically significant, 

at the 99 percentile. Hence, sensor coverage is important when these two variables are 

compared. The difference in the estimation shown in Figure 6 in Appendix A (page 44) is 

evident.  The ST4 multi-sensor product misses a great percentage of precipitation over 

the uncovered domain, as evidenced at the southwest of the domain. 

With regards to the use of a 24 hours time resolution, this study considered the 

traditional use of UTC time (native form of the Stage IV data) versus a temporally 

consistent convective day. The concept of the convective day helps to minimize the 

induced variance that may exist when storms occur at the edge of one UTC day (17:00 

hours Local Standard Time), due to the time lag between precipitation and lightning (e.g., 

Rutledge and MacGorman, 1988; Soula and Chauzy, 2001; Gungle and Krider 2006). 

This would make it appear as if some of the precipitation and lightning are occurring on 

what appear to be different days. The improvement in the correlation for solely using the 

convective day was larger than 12%. 

Finally, LPR was studied for a mesoscale convective system (MCS) for an hourly 

time resolution. Significant correlations were found at this time resolution as well. The 

results of this last portion of the work shows that our method is able to track the 

precipitation of this event, particularly precipitation accompanied with high lightning 

rates right at the front of this system as shown in Figure 13 of Appendix A. Though the 

method is not able to estimate the MCS trailing stratiform precipitation well, a revised 

method that addresses this specific weakness is proposed in the second paper included in 

this dissertation.  
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Appendix B. An improved QPE Over Complex Terrain by Using Cloud to Ground 

Lightning Occurrences. 

(Note: This manuscript will be submitted to the Journal of Hydroclimatology this 

year, 2013) 

 With regards to the prior results in Minjarez-Sosa et al. (2012) in Appendix A, the 

lightning precipitation relationship was studied for higher spatial and temporal 

resolutions by using precipitation retrieved by multi-sensor precipitation data from the 

National Severe Storm Laboratory (NSSL). A novel Space and Time Invariant (STI) 

linear model, that considers spatial neighboring and time lags, is proposed. A schematic 

figure that explains this model is presented in Figure 2 in Appendix B. As the figure 

shows, precipitation retrieved at grid i,j is the result of the weighted product of the model 

parameters and the Gaussian counts which occurred at that grid. Concerning the space 

and time neighboring, a correlation analysis is performed to evaluate which spatial 

vicinity and which time lag was optimal to retrieve lightning derived precipitation. The 

result for optimal use is to use two space neighbors and four past lags, the current time 

and one future lag. 

A denial analysis was also performed over Western Texas. The results show that 

the correlations between PEL and lighting-retrieved precipitation for the complete spatial 

domain does not show significant differences for that retrieved from the denial domain. 

The differences in correlations between PEL and a retrieved precipitation for a denial and 

non- denial case are not larger than 5% and the RMSE is 32 and 36 mm, respectively. 
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Precipitation can be estimated over regions with poor coverage by calibrating LPR over 

sensor covered domains, as long as both regions form part of the same area. 

In order to obtain a lightning-retrieved precipitation that dynamically updates the 

model coefficients in time, a Kalman filter was applied to the STI model. The seasonal 

comparison is shown in Figure 6 Appendix B. The Kalman precipitation retrievals are 

closer to the total observed precipitation than the STI model. Because the Kalman model 

is not fixed in time, model updating is allowed at every time step. The Kalman filter can 

be trained with the total observed precipitation and not exclusively with PEL. The 

Kalman precipitation retrieval resulted in QPE closer to the total observed precipitation in 

the space and time evaluations, for both regions in Texas and Arizona. This permits not 

only the estimation convective precipitation, but also some of the stratiform precipitation 

associated with a given convective event.  

Finally, one thunderstorm event per each domain was analyzed at 5 minutes and 5 

km time and space resolution.  In Texas, the event was an MCS where most of the 

observed precipitation was PEL. The lightning precipitation estimation was excellent, as 

the correlation was greater than 95% for both models (STI and Kalman). However, even 

for this case, the Kalman filter demonstrated that it is a better estimator than the STI 

model, as shown in the panel of Figure 10 Appendix B.  The southern Arizona case is 

also an MCS and represents the best example of the application for this work. As can be 

seen in Figure 12 Appendix B, the Kalman filter is able to estimate precipitation in the 

non-covered region while the observed precipitation was about half the Kalman 

estimation. This is not as credible, since there were high lightning rates over that area. 
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For the covered region there were few lightning events, yet the observed precipitation 

was about 80 mm while the Kalman estimation was about half that. 

2.1 Future Research and Recommendations 
 
 This dissertation explores the relationship between precipitation and cloud-to-

ground lightning occurrences. The ultimate objective in using this relationship is to 

estimate precipitation over regions where there is no sensor coverage and/or where the 

measurements of the conventional instruments are compromised. Southern Arizona was a 

good example of these regions, and so the years 2005, 2009 and 2010 were studied. The 

following are some of the future recommendations and research trends based upon the 

obtained results: 

1. A more robust computing language should be employed in order to have more 

flexibility to manage large amounts of data and to be able to increase the spatial 

domain. For this study, Matlab 2010 tools were employed. It was found that they 

lacked the capacity to fulfill this previous requirement, thus limiting the spatial 

domain and the spatial and temporal resolution. 

2. In order to have a climatological model that can serve as a basis to initialize the 

dynamic model (Kalman filter), or simply for precipitation estimation purposes, a 

greater number of years are needed to establish a robust baseline climatology. 

Moreover, the geographical extension where the STI model is representative must 

be determined. Model parameters will necessarily reflect the differences in 

geographical or climatological characteristics. Many experiments, similar to the 
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ones presented in Appendix B of this dissertation, should be performed across the 

intermountain U.S. to assess the possible differential performances of the LPR-

based QPE methods. 

3. In countries with limited radar or rain gauge networks that experience convective 

events in complex terrain, the QPE methodologies being developed in this 

dissertation may be of great benefit.  Specifically, an ideal country to extend this 

work in the near future would be Mexico (the home country of the author).  The 

northwestern part of Mexico experiences much more monsoon-associated 

convective precipitation than Arizona, especially in the Sierra Madre Occidental.  

The Mexican Meteorological Service is in the process of developing a more 

comprehensive national radar network, and some of the existing radar sites could 

be utilized in a proof of concept pilot study.        

4. The parameters in the Gaussian convolution, particularly the standard deviation, 

should be revised to verify that these are the optimal parameters to have higher 

correlations and PEL. A Gaussian function may not be the most ideal.  There may 

be another statistical distribution that can better represent the spatial spread of 

lightning data. Many of the current precipitation multi-sensor products use 

lightning only qualitatively as a way to locate or verify the presence of convection, 

but not to formally improve their QPE.  The methods demonstrated in this 

dissertation forge a path forward to the incorporation of a lightning-based QPE in 

an integrated lightning-gauge-radar product.  More importantly, the methods may 



25 
 

be potentially used to develop a lightning-augmented QPE that can work 

operationally in real time, for any radar site in the intermountain western U.S. that 

has the problem of terrain beam blockage.  The research-to-operations transfer, in 

that regard, will necessarily require collaboration with the National Weather 

Service, specifically the National Severe Storms Laboratory in Norman, 

Oklahoma. 

5. Finally, a possible additional step in the modeling of LPR would be to build an 

algorithm that tracks specific storms within a spatial domain and obtain a set of 

parameters for each convective event.  This would result in a dynamic model for 

LPR that would vary in both space and time. However, it has been clearly 

demonstrated in this dissertation work that accounting for just the time variability 

alone, via the Kalman filter model, is a substantial advance forward toward a 

development of a lightning-based QPE. 
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Abstract. 

As a continuation to our earlier work in Minjarez-Sosa et al. (2012), a lightning-

precipitation relationship is studied for higher spatial and temporal resolutions (5 minutes 

and 5 km) by using precipitation data retrieved from the National Severe Storm 

Laboratory (NSSL) in the regions of southern Arizona and west Texas.  A spatial and 

time invariant (STI) linear model, that considers spatial neighbors and time lags, is 

proposed. A correlation analysis evaluates what degree of spatial neighboring and time 

lagging is optimal for a lightning-estimated precipitation. A data denial analysis is 

performed over Western Texas with the STI model. The lightning-precipitation 

relationship is practically equal regardless of the domain (denial or complete) used to 

obtain coefficients. Precipitation can be estimated over regions with poor coverage by 

calibrating Lightning-Precipitation Relationship (LPR) over sensor covered domains.  To 

obtain a lightning-retrieved precipitation that dynamically updates the model coefficients 

in time, a Kalman filter was applied to the STI model. The Kalman filter-estimated 

precipitation is closer to the total observed precipitation for the seasonal case for both 

analyzed regions. Heavy precipitation events per each region, associated with mesoscale 

convective systems (MCSs) are analyzed at 5 minutes and 5 km time and space 

resolution. Considering the event in Texas, most of the precipitation that occurred is 

accompanied by lightning.  The correlation between the observed and estimated 

precipitation is statistically significant for both models and the Kalman model better 

estimates the precipitation.  The best demonstration of the application of this work is for 

the heavy precipitation event in southern Arizona.  A high lightning rate is present over 
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an area not well covered by gauge or radar data.  By calibrating the Kalman filter over a 

data-covered domain, the lightning-estimated precipitation doubles in comparison with 

that of the radar.  Therefore, for regions where both rain gauge and radar data are 

compromised, lightning provides a viable alternative for QPE.  
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1.0 Introduction.- 

Quantitative precipitation estimation (QPE) has traditionally utilized weather 

radars and rain gauge networks. Rain gauge measurements are very accurate; however, 

the lack of dense networks often requires the use of geo-statistical methods to estimate 

areal precipitation, which in most cases, have considerable deficiencies (Morin and 

Gabella, 2007). Weather radars appear to be the best operational tool for precipitation 

estimation (Doswell et al., 1996; Krajewski and Smith, 2002; Morin et al. 2005), as their 

high spatio-temporal resolution and coverage make them ideal for QPE. However, their 

precipitation measurements are affected by several factors, such as an unproperly 

calibrated Z-R relationship, precipitation over estimation due to the bright band, 

topography blockage, and evaporation of rain falling from relatively higher altitudes 

(Crosson et al., 1996; Fulton, 1999; Krajewski and Smith, 2002; Morin et al. 2005).  The 

combination of both rain gauge and weather radar has been argued for and employed 

(Stellman et al., 2001; Xie and Arkin, 1995; Kursinski and Zeng, 2007; Kitzmiller et al., 

2011); nevertheless, even combining both techniques, sensor coverage in complex terrain 

is still a problem (Minjarez et al., 2012; M2012, hereafter). Satellite remote sensing 

provides an alternative to the lack of sensor coverage in complex terrain (Anagnostou, 

2004; Xu et al., 2013).For most satellite options, the time resolution and spatial resolution 

of data is inadequate for real-time and hazards forecasting (Anagnostou, 2004;Vasiloff et 

al. 2007). 

A combination of several geo-statistical methods and techniques has been used as 

an alternative to improve QPE. In the U.S., NCEP has a QPE multi-sensor product called 
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stage IV data, which basically uses rain gauges and precipitation data from radars and 

rain gauges (Lin and Mitchell, 2005). This data set has a spatial and temporal resolution 

of 4 km and one hour, respectively. It has quality control data, but its accuracy appears to 

be affected also by poor sensor coverage in complex terrain, especially during the 

summer months (M2012). Since the problem of sensor coverage is recurrent, even with 

multi-sensor QPE products, we need to search for other techniques to mitigate this 

problem. 

Lightning is one of the remote sensing techniques that have been proposed as an 

alternative or complement to estimate QPE (Battan, 1965; Piepgrass and Krider, 1992; 

Tapia et al., 1998; Gungle and Krider, 2006; among others). A number of authors have 

demonstrated empirical relationships between cloud-to-ground (CG) lightning and 

convective rainfall (Battan, 1965; Piepgrass and Krider, 1992; Tapia et al. 1998; Petersen 

and Rutledge 1998; Gungle and Krider 2006; among many others). The contiguous U.S. 

is completely covered by Lightning Detection Networks (LDN) and the data is practically 

available in real time (Tapia et. al., 1998). These characteristics make lighting 

information as a viable alternative for estimating precipitation for all temporal/spatial 

resolutions, especially for real time estimation and precipitation nowcasting. However, 

this potential has not been fully explored. In Europe, with a less dense lightning network 

than the U.S., there is a current project known as FLASH (Price et al. 2011) where 

lightning is used as a way to know and locate convective precipitation, even though they 

do not actually use lightning as an estimator. In Southern Arizona, a region where radar 

coverage is strongly affected by topography, the National Weather Service Office in 
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Tucson uses lightning strike location as a subjective way to locate thunderstorms, but not 

as a precipitation estimator (John Brost, personal communication).  

In the U.S., according to the National Lightning Detection Network (NLDN), a 

lightning strike can be detected at any time in complex terrain (Cummins and Murphy, 

2009). The latency of delivering lightning data to a user is not greater than 35 seconds, 

which makes this a reasonable option for operational use. In a previous study (M2012), 

LPR in complex terrain using the NCEP Multi-sensor Stage IV gridded precipitation and 

National Lightning Detection Network (NLDN) CG data were investigated. This study 

was performed over Southern Arizona during the 2005 North American Monsoon (NAM) 

season (June, July and August), specifically for the geographic area within the range of 

the Tucson NEXRAD radar site (KEMX). Statistically significant relationships between 

Gaussian-gridded lightning and precipitation were found, irrespective of hourly, daily, 

and seasonal time resolutions.  Even at the highest temporal resolution of hourly data, the 

relationship was still statistically significant, especially for precipitation events associated 

with organized convection.  

Two important aspects will be addressed in this paper that M2012 did not resolve. 

First, the hourly temporal resolution of the stage IV gridded precipitation data used in 

M2012 was not sufficient to finely resolve the complete life cycle of organized monsoon 

convection, for either isolated cells or mesoscale convective systems (MCS). Secondly, 

M2012 only carried out analysis in a region (southern Arizona) that included large areas 

of compromised Stage IV precipitation estimates due to terrain blockage (sensor 

coverage), where good coverage was defined as those grids that contained at least one 
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rain gauge and/or grids with at least 2 radar tilts not blocked by topography below 1km 

above the ground level (AGL). The LPR correlation ( 2R ) changed from 0.23 for all grids 

to 0.39 when only grids with precipitation sensor coverage were considered. This result 

clearly shows that the relationship between the two variables is sensitive to the spatial 

quality of the precipitation data. However, because only one monsoon season was studied 

for a problematic region, we were not able to assess the robustness of this finding. 

This paper will address the aforementioned weaknesses of the M2012 study by: 1) 

estimating precipitation using higher time and spatial resolution data using linear systems 

methods that include spatial and temporal “neighbors” to improve the precipitation 

estimate; and 2) employ a “data denial” technique to “simulate” non-covered regions in 

another domain with good coverage over a two-year period to determine whether we can 

use the LPR relationship obtained from a covered region to estimate precipitation over an 

(artificial)  non-sensor covered region. The methodologies are explained in Section 3. 

Section 4 will present the results and our findings. Finally, the discussions and 

conclusions are presented in Section 5. 

2.0 Spatio-Temporal Domain and Regional Characteristics  

The relationship between convective precipitation and CG lightning is compared 

for two different geographical regions: Southern Arizona and Western Texas. The former 

region is enclosed within the lat/lon box of 31.0˚ to 32.47˚ N latitude and -111.46˚to -

110.46˚ W longitude, around the NEXRAD KEMX station, close to Tucson, Arizona. 

The latter is enclosed by 31.0 to 32.47 N latitude and -102.0 W to -103.0 W longitude, 

around NEXRAD KMAF radar station, close to Midland/Odessa, Texas (See Fig 1). 
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Precipitation data for the months of June, July, August and September (JJAS) are 

analyzed for 2009 and 2010. 

Southern Arizona and Western Texas are two regions characterized by their dry 

climate regime but with somewhat different precipitation climatologies and 

meteorological conditions. Convective precipitation in Southern Arizona occurs during 

the North American Monsoon (NAM), namely, late June to mid-September (JJAS) 

(Adams and Comrie, 1997; Higgins et al., 1997). Under the influence of the NAM, more 

than half of its annual precipitation falls during this season (Douglas et al., 1993; Adams 

and Comrie, 1997). According to the climatological record at Tucson WSFO, the average 

precipitation during JJAS is about 150 mm, while the mean annual precipitation is about 

285 mm. In this region, elevated terrain, intense solar heating and influxes of low-level 

moisture during the summer months play a strong role in raising convective instability, 

which often results in thunderstorms, both isolated and organized (Maddox et al., 1995; 

Zehnder et al., 2006; Adams and Souza 2009).  In particular, the intense solar radiation 

strikes the elevated terrain driving a strong mountain-valley circulation in the Tucson 

area. Thunderstorms start to build at late morning/early afternoon over the Catalinas and 

Rincon Mountains (North and East, respectively) and then propagate toward the city and 

lower desert to the west (Smith and Gall, 1989). Overall, most convection occurs in the 

high terrain and, depending on the large-scale conditions (e.g. Maddox el al., 1995), 

monsoonal storms can grow and propagate toward lower terrain in the late afternoon 

contributing to the development of new thunderstorms along outflows boundaries (e.g., 

Smith and Gall, 1989). During the monsoon, if the conditions are favorable, Mesoscale 
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Convective Systems (MCSs) can be formed with the same salient characteristics as those 

in Central U.S., but with less intensity (Smith and Gall 1989; Maddox et al., 1995). 

By contrast, Western Texas is a region characterized by its dry climate and 

relatively flat terrain. According to Midland/Odessa WSFO, about 74% of its annual 

precipitation (410 mm) occurs over the months of May, June, July August and September 

(MJJAS) (Geerts, 2008). Most of this precipitation during the summer months comes 

from air mass type storms forming along dry lines, with occasional episodes of more 

organized convection (Geerts, 2008). The Midland region represents a good opportunity 

to develop a denial analysis. As it is a region with a convective precipitation regime 

during the summer that is somewhat similar to southern Arizona, the absence of 

topographic constraints allow for quantifiable testing of lightning-based QPE (as 

described in Section 3b).   

b. Precipitation Data 

Precipitation data for this study was obtained from The National Mosaic and 

Multi-sensor Quantitative Precipitation Estimation System Q2 (NMQ; Vasiloff et al., 

2007; Langston et al. 2007; Zhang et al. 2011). This system is the result of the effort of 

collaborative research involving various U.S. research and government agencies and the 

Central Weather Bureau of Taiwan (Zhang et al. 2011 and Wu &Kitzmiller 2012). It is a 

multi-sensor system that includes data from 149 WSR-88D U.S. radars, 31 Canadian C-

band weather radars, and the Rapid Update Cycle (RUC) and Hydrometeorological 

Automated Data System (HADS) gauge data for several multi-sensor QPE algorithms 
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(Zhang et al., 2011)1. In this work, radar precipitation from NMQ data also exploits their 

QC algorithms, which are not currently implemented in the NEXRAD Precipitation 

Processing System (Wu et al. 2011). The NMQ radar precipitation mesh data in its native 

space resolution (0.01 degrees) are interpolated to two space resolutions (5 and 10 Km), 

and time resolution was varied from 5 minutes (native) to 60 minutes, depending on the 

use. 

c. Lightning Data 

The CG lightning data have been provided by the U.S. NLDN.  These Lightning 

Locating System (LLS) data are derived from a 113 sensor network of Improved 

Performance from Combined Technology (IMPACT) sensing antenna located throughout 

the continental United States (Cummins and Murphy 2009). The separation between 

sensors is roughly 300 km, and a single lightning discharge is typically seen by 6 or more 

sensors. Combining two parameters from each sensor (time-of-arrival and magnetic 

direction), the NLDN provides the flash locations with median location accuracy of ~0.5 

km and a time accuracy of ~1µs (Cummins et al. 1998; Cummins and Murphy 2009). 

According to Biagiet al. (2007), the NLDN detects over 90% of the CG flashes in 

Southern Arizona, and is therefore a particularly useful tool for this study.  

  

                                                 
1Some products are available from NMQ data that will be not described in this paper for 
more information, go to http://nmq.ou.edu/ 

http://nmq.ou.edu/
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d. Topography Data 

The Digital Terrain Elevation Data (DTED) developed by the National Imagery 

and Mapping Agency (NIMA) was used as the Digital Elevation Model (DEM). For 

DTED, the elevation is given in meters above mean sea level (MSL). Its accuracy is +/- 

50 meters in the horizontal and +/- 30 meters in the vertical. The horizontal latitude-

longitude resolution is 30 arc-seconds (~1000m). These data were used to analyze sensor 

coverage for the two regions under study as described by M2012. 

 

3.0 Methodology 

a. Radar Coverage 

There were two factors that are considered for sensor coverage: 1) the physical 

topography blockage of the radar beam and 2) the avoidance of evaporative precipitation. 

To address these two factors, all the grids that comply with the condition that 2KEMX 

radar beams at a given elevation angle be between 0 and 1000 m above the ground level 

(AGL) are included. Our sensor coverage analysis is more restrictive than the hybrid scan 

done by the NSSL for NMQ data, since we are only considering KEMX radar with no 

gauge correction. We note that only the KEMX radar station data satisfies this condition 

in the Tucson vicinity.  The adjacent NEXRAD radars, located in Phoenix and El Paso, 

are too distant and the lowest elevation angle of their radar beams is above 1000 m. Our 

sensor coverage study considers the ideal coverage of the radar, as if the radar were 

scanning continuously. We note that the NMQ hybrid scan dynamically checks the 
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availability of the sensors at any given time. Our coverage analysis is static, whereas the 

hybrid scan is dynamic in time. 

b. Time and Space Gridding 

As described in Section 2b, NMQ precipitation data has a time and space 

resolution of ~1km (0.01 degrees) and 5 minutes, respectively. In space, the precipitation 

was scaled up as needed by averaging it for every single 1 km grid; in time, it was 

accumulated for every time step.  As described in M2012, every discrete cloud-to-ground 

lightning event was convolved with a Gaussian distribution function with mean, µ=0 and 

standard deviation, σ = 2.6 km. The spatial probability distribution per strike is then 

summed for each grid. 

 

c. Lightning-Precipitation Modeling 

In much of the previous work investigating the LPR, the mathematical model was 

a simple linear least squares regression (e.g. Petersen and Rutledge, 1998; Gungle and 

Krider, 2006). Although some other authors (Battan 1965, Saylor et al. 2005, among 

others) have reported the convenience of employing a power law relationship for this 

purpose, our previous study found no improvement employing this relationship.  

In general, linearly estimated precipitation at time t and i, j grid can be defined as: 

𝑃𝑃�𝑖𝑖 ,𝑗𝑗 (𝑡𝑡) = �𝑓𝑓𝑖𝑖 ,𝑗𝑗 (𝐿𝐿, 𝑡𝑡)𝑇𝑇 , 1�Q (1) 

where 𝑓𝑓𝑖𝑖 ,𝑗𝑗 (𝐿𝐿, 𝑡𝑡) is a feature vector of dimension k  at time t from lightning observations 

(L), and Q is a vector of estimation parameters  
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𝑓𝑓𝑖𝑖 ,𝑗𝑗 (𝐿𝐿, 𝑡𝑡) = �𝑓𝑓𝑖𝑖 ,𝑗𝑗1 (𝐿𝐿, 𝑡𝑡),⋯ ,𝑓𝑓𝑖𝑖 ,𝑗𝑗𝑘𝑘 (𝐿𝐿, 𝑡𝑡)�, (2) 

Q = [q1,⋯ , q𝑘𝑘 , 𝑏𝑏]. (3) 

For example, a model can be defined by comparing the mean of convective 

precipitation in the sensor-covered domain at every time step with the corresponding 

lightning accumulation in the same domain. For this case, 𝑓𝑓𝑖𝑖 ,𝑗𝑗 (𝐿𝐿, 𝑡𝑡) is established with 

only one feature as: 

𝑓𝑓𝑖𝑖 ,𝑗𝑗 (𝐿𝐿, 𝑡𝑡) = �𝐿𝐿𝑖𝑖𝑗𝑗 (𝑡𝑡)� 
(4) 

where 𝐿𝐿𝑖𝑖𝑗𝑗 (𝑡𝑡) are the Gaussian lightning counts at time t and i,j grid. Thus, the model is 

𝑃𝑃�𝑖𝑖 ,𝑗𝑗 (𝑡𝑡) = [𝐿𝐿𝑖𝑖𝑗𝑗 (𝑡𝑡) 1] �q1
𝑏𝑏
� = q1𝐿𝐿𝑖𝑖𝑗𝑗 (𝑡𝑡) + 𝑏𝑏. (5) 

  In previous work (M2012), the model parameters q1 and b are estimated in two 

ways. First, in order to estimate the model parameters, a vector of mean value of 

precipitation and lightning are obtained as  

𝐿𝐿�(𝑡𝑡) =
1

𝑁𝑁(𝑡𝑡)
� 𝐿𝐿𝑖𝑖𝑗𝑗 (𝑡𝑡),

𝑖𝑖.𝑗𝑗
 (6) 

 

𝑃𝑃�(𝑡𝑡) =
1

𝑁𝑁(𝑡𝑡)
� 𝑃𝑃𝑖𝑖𝑗𝑗 (𝑡𝑡)

𝑖𝑖 .𝑗𝑗
 (7) 

where 𝑁𝑁(𝑡𝑡) is the number of grids with Gaussian counts different than zero at time t. The 

parameters are obtained resolving the equation by least squares  

𝑃𝑃�(𝑡𝑡) = q1𝐿𝐿�(𝑡𝑡) + 𝑏𝑏. (8) 

The model parameters are estimated by comparing the total seasonal convective 

precipitation accumulation with the total lightning accumulated per grid. This method 
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yields a spatially static lightning-precipitation relationship.  Neglecting space and time 

variations in the computation of the lightning-precipitation relationship will necessarily 

lead to higher errors in the precipitation estimation. Similar to M2012, this study 

investigates Lightning-Precipitation Relationship (LPR) using Gaussian Counts (GC) 

instead of discrete counts. One of the novel ideas proposed by these authors was the 

definition of precipitation explained by lightning (PEL), which was defined as the 

precipitation that is time and space co-located with at least 0.25 GC in a 60 minutes time 

window and 8 km space resolution. For the present study, we redefine PEL for our new 

conditions of higher spatio-temporal resolution, as discussed in the next section.   

c.1. Space and Time Invariant Model (STI)  

There is ample prior work to substantiate development of a mathematical model for 

a lightning-precipitation relationship (LPR).   Previous studies have reported a time lag 

(positive or negative) between lightning and precipitation of up to 45 minutes (e.g. 

Rutledge and MacGorman, 1998; Soula and Chauzy, 2001; Gungle and Krider, 2006). At 

high spatial resolution, there may be misplacement between precipitation and lightning 

due to storm propagation and/or due to a lightning discharge that does not necessarily 

strike exactly at the same horizontal location where the discharge started. In M2012 a 

Gaussian convolution was applied, per every lightning strike, in order to resolve the 

events when a strike fell near the border of a given grid and the precipitation fell in a 

neighboring grid. However, a weakness in M2012 was that the Gaussian counts did not 

account for any additional time or space dependence in computation of a lightning-

precipitation relationship. To explore the relative importance of the additional time and 
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space dependence, we employ a space and time invariant linear (STI) model that weights 

the neighboring grids and time lags by considering time/grid neighbor relationship as 

shown in Figure 2. 

 For this model the space neighboring is defined as the group of grids that surround 

the grid i,j,. For example, one space neighbor (SN) means that we are considering the 

current grid i,j and the 8 closest surrounded grids. With this definition, zero SN means 

that only grid i,j is being considered for LPR. The time lags are only the time steps 

(previous or subsequent) considered for building the LPR.  We use a special notation to 

denote every potential time lag, as will be seen in section 4a. To illustrate, a time lag that 

just considers the current time is denoted as 000010000, a time lag that considers three 

previous times and the current, is denoted as 011110000, etc. The STI model effectively 

works as a filter that can estimate weights per each space and time neighbor.  A static 

LPR can be computed considering an entire season or just an individual convective 

event. The contribution of each coefficient is calculated and then added together to 

obtain the estimated precipitation. Since this model is space and time invariant, these 

coefficients are held static for every grid cell and each time. A more detailed description 

of this model is presented in Appendix 1.The precipitation that falls in grid i,j is 

considered explained by lightning if the Gaussian counts summed over all the space 

neighbors and  all time lags is greater or equal than 0.5. Considering the example in 

Figure 2, the precipitation at grid i,j is considered to be explained by lightning if the GC 

addition over all 9 grids at time t plus the 9 grids at time t-1 is greater than or equal to 

0.5. 
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c.2 Dynamic Precipitation Estimation  

 Use of a static LPR is probably not a very robust assumption.  LPR can 

substantially vary from one convective event to another and from one time to another, 

and this is not accounted for by the STI model. A more realistic model should 

dynamically respond to the changes in time in LPR. In that respect, one of the methods 

that has been widely used for data assimilation in the atmospheric sciences, particularly 

for precipitation estimation, is the Kalman filter (e.g. Alpium et al., 1999; Usshio et al., 

2009). In its original form, the Kalman filter is a linear recursive algorithm that 

minimizes the mean squared error to estimate the state of a process. Use of the Kalman 

filter is thus a straightforward and efficient solution to construct a time-varying LPR.   

The basic idea is to consider the vector parameter Q as a discrete dynamical 

system of the form 

Q(𝑡𝑡 + 1) = Q(𝑡𝑡) + 𝑊𝑊(𝑡𝑡), (9) 

where 𝑊𝑊(𝑡𝑡) is a parameter estimation error, modeled as a Gaussian random variable with 

zero mean and a covariance matrix Q.  The estimation algorithm is then used in order to 

minimize the error between the observed precipitation at time t and the estimated 

precipitation obtained with the model and the parameter vector Q(𝑡𝑡). The algorithm 

derived from the Kalman filter is presented in Appendix 1. In our algorithm, we initiate 

the Kalman filter with the STI model.  Once the Kalman commences it dynamically 

adjusts the coefficients at each time step until 5 consecutive time steps report no lightning 

in the covered domain. At this point the coefficients revert back to the STI ones. 

D. Data Denial Analysis 
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 An important consideration in constructing the LPR is the issue of reliable radar 

sensor coverage. Results from M2012 demonstrated that correlations improve nearly 20% 

when the non-covered grids are neglected. Figure 3 shows similar results to those 

presented in M2012 for the 2005 season. When the grids with poor sensor coverage are 

removed, the correlation improves. In some seasons the increase can be nearly 20%.   

What results would be obtained if a similar test is carried out over a region with 

no sensor coverage problem? Will the LPR be similarly affected if some sensor covered 

mask is applied? Midland, Texas, was studied as a region that shows similar convective 

events, but does not have a sensor coverage problem. A data denial analysis was 

performed. This consisted of imposing an arbitrary coverage mask on the KMAF radar 

domain. The STI model and the Kalman filter were run for two cases: 1) with the sensor 

coverage mask and 2) complete spatial domain. For this study, the time series of 

Precipitation and Gaussian lightning with 5 minutes and 0.05 degrees time and space 

resolution, respectively, for 2009 and 2010is considered. The time lag scenario 

111111000 (four past lags, the current time and one future lag) is used with two space 

neighbors. The explanation of why we chose this time and space neighboring will be 

provided in Section 4a. 

 The denial analysis is performed by evaluating the estimated precipitation that 

resulted from the both the STI model and the Kalman filter; first by using the complete 

KMAF spatial domain and then by employing only a masked covered domain. For the 

two coverage scenarios, the PEL and the total observed precipitation are compared with 

the Kalman estimated precipitation and the STI estimated precipitation in two ways: by 
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comparing the total domain estimated precipitation time series (temporal evaluation) and 

by comparing the seasonal accumulated estimated precipitation per spatial grid (spatial 

evaluation) 

4.0 Results 

a. Time and Space Neighboring 

As mentioned in section 3c1, a novel way to treat the time and space 

misplacement in LPR is to use neighbors for higher resolutions. Figure 4 compares the 

correlation (vertical axes) for several time lags (horizontal axes) and space neighboring 

situations. It shows the variation in correlation coefficients between STI estimated 

precipitation and the PEL, considering all 10 lags and 4 space neighbor scenarios. 

 The results from Figure 4 show that, at high space and time resolutions, if 

precipitation and lightning at grid i,j are correlated without space and time neighbors, the 

relationship results are poor (between 0.1 and 0.25 for this case). This model can work 

for larger spatio-temporal resolutions, as shown by M2012, for the seasonal case and 8 

km grid size. 

 By observing and evaluating the correlation plots, the benefit that results from the 

time and space neighbors is evident, although this varies from season to season and from 

region to region. For instance, for the southern Arizona area, comparing the correlation 

with and without use of spatial neighboring, the maximum benefit from the spatial 

neighbors is (over an average of 2 years) ~16%, practically the same as the Texas result.  

The use of time lags has a maximum average impact of ~20% for both regions. With just 

the addition of one past lag (000110000 lag scenario) the correlation increases up to 13% 
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in comparison with 0-lag scenario. If we compare this with the increment in correlation 

for the time lag case 000111000 (one future and one past time lags) we find that the past 

time lags are more relevant than the future ones.  The impact on the correlation of using 

all time lags with respect to using past and one future lag is not more than 3% for both 

sites and for both seasons. Given the negligible computational benefit, this last lag 

situation was chosen for our study.  This last result can be used as the threshold to 

differentiate the benefit from the improvement of the physics of the relationship and the 

mathematical benefit of only having more model parameters. The time neighboring more 

or less matches with the times reported by other authors where precipitation and CG 

lightning are correlated (e.g. Rutledge and MacGorman, 1998; Soula and Chauzy, 2001; 

Gungle and Krider, 2006). In the combination of time lags and space neighbors there 

were no significant differences (regarding the 3% referred in the last paragraph) for more 

than 2 space neighbors. For grid spacing of about 5 km, representing an area of 25 square 

km, this suggests that at least one propagating air mass thunderstorm with its convective 

core and some of the transient stratiform precipitation can be captured.  

b. Texas Seasonal Results and Denial Analysis 

 This analysis will be presented in two ways: 1) in space by comparing the 

observed precipitation map with those obtained from the STI model and the Kalman 

model and; 2) by comparing the time series comparison of the total domain precipitation 

per every case. Figure 5 shows a space comparison of 2009 PEL and the estimated 

precipitation for two sensor coverage cases: CV3 all grids included (center) and CV4 

denial coverage case (artificial beam blockage). The coverage mask in CV4 was 
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artificially created. Though arbitrary, it attempts to replicate physically possible radar 

blockage, such as that observed in KEMX radar. However, in order to calibrate the model 

over all the sub-regions within the domain, complete blockage was not permitted for all 8 

neighbors of the central grid.  As a result, the model can better estimate all areas of the 

spatial domain. Hereafter CV4 represents the artificial grid blockage case. 

 The STI estimation is closer to PEL in the spatial distribution than the total 

observed precipitation. The limitation to this model is that it only considers the fixed time 

and space coincidence of precipitation and lighting, which are almost always co-located 

where there is strong convection. Use of the dynamic, Kalman-based model allows for 

the variation in time weighting, which may be able to further improve LPR by accounting 

for some of the stratiform precipitation associated with lightning in organized convection.  

In the comparison it is clear that the STI model generally follows the spatial pattern of 

PEL for both the total coverage and data denial cases. The regions with relatively high 

precipitation (>350 mm), such as those at the northern, southern and southwestern side of 

the domain, are present in both estimations. The region in the middle of the domain that 

shows precipitation between 300 and 350 mm is not reproduced by the STI model trained 

over the CV3 domain but is reproduced by the STI model trained over the CV4 domain, 

which is the domain that excludes the grids with blue crosses in Figure 5. Nevertheless, 

the regions with precipitation less than 200 mm are well reproduced, in both estimations.  

 The spatial correlation between PEL and the STI model estimation is 0.93 for the 

real CV3 coverage case and 0.88 for artificial CV4 denial coverage case, with 

corresponding RMSE of 32 and 36 mm respectively.  There is essentially no statistically 
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significant difference in the estimated precipitation using either estimator. The panel in 

Figure 6 presents a comparison of the cumulative precipitation time series for 2009 (top) 

and 2010 (bottom). The black continuous line represents the total domain observed 

precipitation (P_obs), The red continuous line represents the PEL over the whole domain. 

This time series shows that the STI model estimated precipitation follows at some point 

the low frequency changes in P_obs, but does not reach its amplitude. In general, for the 

results presented in this plot the STI model trained over CV4 denial domain (P_est_ST_CV4) 

and the one trained over the whole domain (not shown in this figure) reaches only about 

50 % of the total precipitation.  This is practically equal to the total PEL.  The Kalman 

filter-estimated precipitation follows closer the low frequency changes in P_obs and 

reaches its amplitude closer than the STI model. It is important to note that the Kalman 

estimation reaches about 85% of the total observed precipitation for both cases, 

irrespective of whether it is trained over the whole domain or just the denial domain.   

 Figure 6 also confirms what was shown in the spatial comparison (Figure5). 

Again, there are virtually no differences between the precipitation estimated by the 

models when they are trained over the whole domain (CV3) and when they are trained 

over the denial domain (CV4).  It is important to note that the 2010 season contained an 

anomalous event that showed a high amount accumulated 𝑃𝑃𝑜𝑜𝑏𝑏𝑜𝑜  but, not much PEL.  The 

maps for every time step around this anomalous event were reviewed and light 

precipitation over almost the whole spatial domain for many consecutive time steps was 

reported. It is unclear if this event is real or represents spurious data.  
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 Unlike the STI model, the Kalman filter has the ability to adjust its coefficients 

dynamically to the specific conditions in time. This ability also permits training with the 

total precipitation, and not just with PEL. Physically, considering total precipitation 

ensures that the model not only represents the convective precipitation, but also at least 

some portion of the non-convective precipitation that would occur in the trailing 

stratiform region.  Figure 6 shows that the Kalman filter model reaches 85% of the total 

observed precipitation (𝑃𝑃𝑜𝑜𝑏𝑏𝑜𝑜 ), but this is still an improvement over the STI model.   It also 

captures the temporal variations in the time series, as can be seen in the blue continuous 

and dashed green lines for the CV4 case.  

 Figure 7 shows the spatial precipitation accumulation for the total observed 

precipitation (left), the Kalman estimated precipitation when the model is trained in the 

whole domain (𝑃𝑃�𝑘𝑘𝑙𝑙𝑙𝑙 _𝐶𝐶𝐶𝐶3, center) and the Kalman estimated precipitation when the model 

is trained over the denial domian (𝑃𝑃�𝑘𝑘𝑙𝑙𝑙𝑙 _𝐶𝐶𝐶𝐶3, right). This figure also shows that the 

Kalman filter matches the spatial pattern of 𝑃𝑃𝑜𝑜𝑏𝑏𝑜𝑜  but does not replicate the total 

precipitation. The darkest grids are events that did not show much lightning but had (for 

some cases) a significant amount of precipitation.  Comparing the real coverage 

estimation and the denial estimation, the spatial correlation between 𝑃𝑃�𝑘𝑘𝑙𝑙𝑙𝑙 _𝐶𝐶𝐶𝐶3 and 

𝑃𝑃�𝑘𝑘𝑙𝑙𝑙𝑙 _𝐶𝐶𝐶𝐶4 was 0.93 while the RMS error was about 13 mm. The denial analysis results 

suggest that lightning can be used to estimate precipitation over regions with no sensor 

coverage with a high rate of confidence. Therefore, this methodology can be used to 

improve QPE over regions with poor sensor coverage, such as intermountain Southwest 

U.S.  
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c. Southern Arizona, Seasonal Analysis 

 The results for Southern Arizona are presented in this Section. Unlike the Texas 

region, sensor coverage is a real problem and our models may be of practical benefit to 

remediate the gap in radar coverage. Similar to the Texas case, the results for the STI 

model estimation are shown first. Figure 8 shows the time series of the accumulated 

precipitation for every case. The Kalman filter calibrated over the CV1 region estimated 

more precipitation than calibrated over CV3 domain. Like the KMAF case, the Kalman 

filter performs better than the STI model, particularly estimating significantly more 

precipitation. It is also notable that the precipitation that occurred in the CV1 domain is 

low, compared with the total domain. 

 Figure 9 shows the precipitation maps for the 2009 season.  Most of the 

precipitation occurred over a non-covered domain.  The models, especially the STI 

model, did not have many events to calibrate LPR. This resulted in a very low 

precipitation estimation from this model. The Kalman filter also shows lower estimated 

precipitation, as result of the same problem but it still yields a better result than the STI 

model. Both models catch the dry northern part of the domain, but not the southeast. Both 

models also show more estimated precipitation over the non-covered regions in the south-

southwest and the other region located in the east of the domain. These are the regions 

where a lightning-augmented QPE may be practically useful.  In section 4.d2 a specific 

case will be presented to more clearly illustrate this important point. 
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d. Specific Events Analysis 

 In this Section, we present a similar analysis than those presented in Sections 4b 

and 4c but for two specific events. We consider these events good examples to 

demonstrate the performance of the STI and Kalman filter models at higher time 

resolution (5 minutes). 

d.1 Event Around KMAF (Western Texas) 

 The case shown in Figures 10 and 11 is a MCS that occurred over KMAF domain 

on June 13, 2009. The event started over the southern side of the domain about latitude 

31.0 N and longitude -102.6 W. At about 20:00 hours (UTM) of that day, a simple cell 

with some lightning became active and began to trigger other cells northward. One hour 

later the zone between 31.1 N – 31.5 N was showing precipitation rates up to 15-20 

mm/hr. During the next hour (22:00 hours) the system extended from -103.0 W to -

102.3° W longitude and from 31-32°N latitude. Hour 23:00 was the most active, with the 

MCS at its mature stage with a squall line from -102.7 to -102 ° W longitude and from 31 

to 31.7 ° N with at least 4 cells precipitating at 40 mm/hr and the more active regions 

located over the northwest and northeast portions of the domain. The complete event 

lasted about 7 hours, with dissipating stratiform rainfall at the end. 

Figure 10 shows the accumulated precipitation map of the event. The spatial 

agreement is evident. The Kalman filter captures the main spatial precipitation areas, 

especially the main one over the southern portion of the domain.  The spatial correlation 

is 0.96 and the RMSE is 6.46 mm, considering all the grids in the domain. So the 
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estimated Kalman precipitation with the model trained with the total domain (𝑃𝑃�𝑘𝑘𝑙𝑙𝑙𝑙 _𝐶𝐶𝐶𝐶3) 

precipitation is quite close to the observed. 

The STI model (bottom right panel) shows good agreement with PEL, even in the 

non-precipitating areas.  However, it missed part of the precipitation over the band that 

goes from the center of the domain to the northeast corner. The Kalman filter (𝑃𝑃�𝐾𝐾𝐿𝐿𝐾𝐾@𝐶𝐶𝐶𝐶3) 

catches the main precipitation zone. It better agrees with the observed than the STI 

model, but also under estimates precipitation in the same band as the STI model. For this 

case, the correlation between PEL and the estimated precipitation by the STI model when 

trained at the total domain (𝑃𝑃�𝑆𝑆𝑇𝑇𝑆𝑆_𝐶𝐶𝐶𝐶3) is 0.99 and RMSE is 6.55 mm. 

The statistical parameters of the space accumulation for the event are presented in 

Table 1. Table 2 presents the same statistical parameters but for every time step and every 

grid. Analyzing the data in Table 1, there is practically no difference between the 

observed precipitation and the Kalman estimated one (the difference is not greater than 

1%). On the other hand, Table 2 shows that 𝑃𝑃𝑜𝑜𝑏𝑏𝑜𝑜  and 𝑃𝑃�𝑆𝑆𝑇𝑇𝑆𝑆@𝐶𝐶𝐶𝐶3 do not have a greater 

difference than 6.5 in the mean. 

 Figure 11 shows temporal agreement in the time series.  PEL and 𝑃𝑃𝑜𝑜𝑏𝑏𝑜𝑜  are almost 

equal, so the Kalman filter has many grids and many time steps to be trained.  It is clear 

that this is one of the seasonal events that had more influence in the training of the STI 

model, as demonstrated by the time and space comparison. Even for this exceptional 

case, because the Kalman filter calibrates its coefficients every time step it yields a result 

closer to the observed precipitation.  
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d.2 Event Around KEMX (Southern Arizona) 

 Similar to what was done for the seasonal case, the estimated precipitation from 

the STI model and the Kalman filter is obtained from the calibration over the sensor 

covered CV1 domain. On July 30 2010 about 21:45 UTC there was a thunderstorm in the 

region over 31.4 N and -110.7 W.  This storm started to grow in lightning activity and 

precipitation intensity, with precipitation (5 minutes) rates of <10 mm/hr to 20 mm/hr 

and from lightning rates of 1 to 4 strikes/5 minutes. The system moved to the northwest 

evolving into a MCS with precipitation rates that reached 60 mm/hr. By 23:00 hours the 

MCS extended from about -111.08 W to about -110.8 W and started to move northward 

and trigger precipitation in the southwest (non-covered) area of the domain at about -

111.2 W and 31.4 N. Some other storms were also triggered over the non-covered region 

on the east between 31.6 and 31.8 N. Notably, when precipitation is occurring in the non-

covered domain of the southwest, 𝑃𝑃𝑜𝑜𝑏𝑏𝑜𝑜  becomes significantly lower than the Kalman 

estimate. At about the hour 1:00 of July 31, a bigger squall line formed and extended 

from -111.2 to -110.6 W and 31.4 – 32.0 N. At this stage the MCS moved to the covered 

domain and there were relatively few lightning strikes but there was a significant amount 

of trailing statiform precipitation. Finally the event moved to the north/northwest and 

ended on July 31 about 5:00 hours. 

Overall for the complete event, both of our estimators (STI and Kalman) 

underestimated precipitation where KEMX radar observed high rainfall (see Figure 12). 

The observed precipitation, over west Tucson for instance, reached values up to 95 mm 

while the Kalman estimation was half of this observed value. Despite the precipitation 
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falling mostly over the covered domain, there were not many lightning strikes and where 

they occurred there was little precipitation.  For this reason, the STI model does not catch 

as much of the precipitation as the Kalman filter model. This research attempts to use 

LPR to augment radar precipitation over poor-coverage regions. The region that is more 

interesting, per the ultimate objectives of our study, is located along the international 

border and to its south towards the west side of the domain. There, lightning is frequent, 

but the radar measures little precipitation due to the terrain beam blockage. The Kalman 

model estimates significantly more rainfall than the observed.  We emphasize that this 

area has no sensor coverage and is precisely where our model can be more helpful.  Our 

Kalman model here is limited when more than one event is present with different LPR, 

because the model attempts to “represent” all the storms with just one model. This point 

will be discussed in next two sections. 

 The time series in Figure 13 shows two behaviors that basically describe the 

evolution of the storm. At the beginning of the storm, between times 210.9 and 211.03, 

the Kalman estimated precipitation with the model trained for the CV1 domain results in 

at least 50% more precipitation than that observed by the radar. At this initial stage the 

STI model trained on the covered region and on the whole domain (𝑃𝑃�𝑆𝑆𝑇𝑇𝑆𝑆@𝐶𝐶𝐶𝐶1 and 

𝑃𝑃�𝑆𝑆𝑇𝑇𝑆𝑆@𝐶𝐶𝐶𝐶3) are both close to the observed precipitation for both cases. However, when the 

system moves over the covered domain (after 211.03) the lightning activity decreases but 

the precipitation increases. Our model then underestimates precipitation because it does 

not have enough lightning events to be calibrated. At this stage of the MCS, the STI 
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model reproduces as much as ¼ of the total precipitation, and the Kalman reproduces 

about 2/3 of the total observed precipitation.  

 What is the impact of the STI model (static) and the Kalman filter with respect to 

the calculation with the simple linear least squares? Figure 14 shows the accumulation 

time series of the grid mean square value for KEMX domain and 2009 season. 

 The results in Figure 14 show that the Kalman filter has less than a half smaller 

accumulated error than the simple least square model and about half the STI one. The use 

of a time varying model (Kalman) significantly improves upon the STI model and is of 

benefit to estimate observed precipitation when there is lightning present in the radar 

domain.   

 

5.0 Discussion and Conclusions 

 This work presents a study of the relationship between precipitation and cloud-to-

ground lightning occurrences at 5 minutes time and ~5 Km space resolutions for southern 

Arizona KEMX radar domain and Western Texas KMAF radar domain for 2009 and 

2010.  In order to address the time and space misplacement that occurs when lighting and 

precipitation are correlated at high spatio-temporal resolutions, a linear space and time 

invariant model is proposed and evaluated for both regions and both years. The optimal 

time neighboring was the model that consisted of 4 past and 1 future time lags and the 

current time t with two spatial neighbors.   Since the STI model is fixed in time, in order 

to consider the time variations that occur during the evolution of the convective systems, 

a time varying Kalman filter was applied to it. A denial analysis for the Midland KMAF 
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radar (with no sensor coverage problems) was performed by imposing an artificial sensor 

coverage mask and running the STI model and the Kalman filter, for the case of the 

artificial radar coverage and the real radar coverage. The results in this analysis were 

basically that there are no differences in lightning-estimated precipitation between the 

total covered domain and the denial domain.  Precipitation over poor sensor coverage 

areas can thus be estimated by using the lightning-precipitation relationship obtained by 

using only data-covered grids. It is a reasonable assumption that we can use this 

relationship to estimate precipitation in the poor sensor covered regions of Southern 

Arizona, if we calibrate LPR over covered areas of this domain. 

 Comparing the precipitation estimated by the time-fixed STI model and that 

estimated by the time-varying Kalman filter model, the Kalman filer model clearly 

performs much better because it  explains significantly more precipitation than the STI 

(~85 % and ~50% respectively) for the seasonal case. Since the Kalman filter model 

dynamically adapts its coefficients to the time variations in LPR, there is better tracking 

in time of the storm precipitation than the STI model. 

 One specific heavy precipitation event, associated with organized MCSs in each 

region was analyzed. For Texas, the MCS event was one of the most significant in the 

2009 season, with a significant amount of lightning as well as precipitation. For the Texas 

case, the STI model performance was close to the total observed precipitation and PEL. 

The Kalman filter shows better results than the STI model approximating the total 

observed precipitation. For the Southern Arizona case, the utility of a lightning-based 

QPE is clearly evident. The LPR, especially the Kalman-estimated, can be used to 
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estimate precipitation over areas of poor sensor coverage. This was clear at the beginning 

of the MCS, when the observed precipitation was about half the Kalman-estimated 

precipitation (trained over the covered domain) when a significant amount of lightning 

events was occurring. The amount of precipitation estimated by our method at the 

beginning of this MCS would be sufficiently high enough to raise flood alerts. Though 

the Kalman-estimated precipitation over the covered domain is poor because of the lack 

of lightning events, the STI model results in an even worse estimation. 

The differences between western Texas and Southern Arizona in terms of 

topography are quite evident. The KMAF area does not have coverage problems and any 

region within the domain can be used to calibrate our LPR. In contrast, the KEMX non-

covered region is about half of the domain and LPR calibration quality depends on how 

many and how representative (or typical) are the events that occur in the covered domain. 

For the 2009 and 2010 seasons, most of the precipitation events occurred over the non-

covered domain.  This implies that the accuracy of the LPR is compromised. Similar 

situations occur for the individual convective events if the storm is located mostly over 

the non-covered region or it is moving from a non-covered region to a covered one.  In 

the absence of dynamic information, we ultimately depend on the quality of the STI 

model LPR calibration.  But even in the absence of any real time ground-based 

measurements, the STI-estimated precipitation would still be better than nothing. Of 

course, a better calibration of the STI model could help to mitigate this problem.  More 

years would be needed to obtain a statistically robust lightning-precipitation climatology 

for the STI model. 
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 The denial analysis, as demonstrated for the Midland, Texas radar site, gives us 

confidence in using LPR to augment QPE in regions with poor sensor coverage. The lack 

of observations in the non-covered domain precludes an objective evaluation of the 

performance of our models in the Tucson area, however.  Moreover, in non-covered 

regions the LPR is not taken into account to calculate the model coefficients (for any 

case, static and dynamical). Installing some rain gauges over the southwestern non-

covered area could be beneficial for future investigation of LPR and for calibrating the 

climatology that is used for the STI model. 

 This research is an evolution in the process of LPR mathematical modeling from 

M2012. We advanced from using just a fixed time and space model with two parameters, 

to the multi spatio-temporal linear STI model with more parameters that incorporate 

spatial neighboring and time lagging. The STI model was additionally adapted to 

incorporate a Kalman filter that allows for a dynamic, time-evolving LPR for the whole 

radar domain. However, we note that when there are distinct thunderstorms in a given 

radar domain, each individual storm may possibly have a different LPR.   This would 

likely be the case, for example, if there would be both an air mass thunderstorm and a 

MCS occurring simultaneously in a given radar domain.  A model that considers such 

spatial variability in LPR within the radar domain would need to track the local changes 

in LPR of individual storm cells as they grow, organize, and propagate. Further 

improvement of our methodology for lightning-based QPE along these lines is a subject 

for future research.   
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 Finally, it is possible to use the parameters of the Kalman filter to quantify the 

lightning-precipitation relationship as a function of storm life and location and study the 

physical relationship between both variables for every stage of the storm. 

 

 

 

Appendix 1 

In this appendix we will show the details of the STI model and the algorithm for 

the Kalman filter. Let 𝑁𝑁𝑏𝑏𝐶𝐶 �𝐿𝐿𝑖𝑖𝑗𝑗 (𝑡𝑡)� represent the spatial neighboring of 𝐿𝐿𝑖𝑖𝑗𝑗 (𝑡𝑡) at the grid 

i,j at time t with V spatial neighbors in the vicinity, given by: 

𝑁𝑁𝑏𝑏𝐶𝐶 �𝐿𝐿𝑖𝑖𝑗𝑗 (𝑡𝑡)� = �𝐿𝐿𝑖𝑖−𝐶𝐶,𝑗𝑗−𝐶𝐶(𝑡𝑡),⋯ , 𝐿𝐿𝑖𝑖𝑗𝑗 (𝑡𝑡),⋯ , 𝐿𝐿𝑖𝑖+𝐶𝐶,𝑗𝑗+𝐶𝐶(𝑡𝑡)�
𝑇𝑇

. (A.1) 

Let L𝑖𝑖𝑗𝑗 (𝑡𝑡) be the temporally-associated vector of lightning observations 

L𝑖𝑖𝑗𝑗 (𝑡𝑡) = �𝑁𝑁𝑏𝑏𝐶𝐶�𝐿𝐿𝑖𝑖𝑗𝑗 (𝑡𝑡 − 𝑙𝑙𝑁𝑁)�
𝑇𝑇

,⋯ ,𝑁𝑁𝑏𝑏𝐶𝐶�𝐿𝐿𝑖𝑖𝑗𝑗 (𝑡𝑡)�
𝑇𝑇

,⋯𝑁𝑁𝑏𝑏𝐶𝐶 �𝐿𝐿𝑖𝑖𝑗𝑗 (𝑡𝑡 + 𝑙𝑙𝑃𝑃)�
𝑇𝑇

, 1�, (A.2) 

where 𝑙𝑙𝑁𝑁 are the negative time lags, 𝑙𝑙𝑃𝑃 are the positive time lags. L𝑖𝑖𝑗𝑗 (𝑡𝑡) is a row vector 

that contains the Gaussian lightning counts of the grid i,j and its neighbors for each time 

lag considered in the STI model. The STI model can now be described as: 

𝑃𝑃�𝑖𝑖𝑗𝑗 (𝑡𝑡) = 𝛬𝛬𝑖𝑖𝑗𝑗 (𝑡𝑡)𝛩𝛩 (A.2) 

andQ is the model parameter vector which is given by 

Θ = [𝛼𝛼1,⋯ ,𝛼𝛼𝑘𝑘 , 𝑏𝑏], (A.3) 
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where 𝑘𝑘 = (2𝐶𝐶 + 1)2 ∙ (𝑙𝑙𝑃𝑃 + 𝑙𝑙𝑁𝑁 + 1). The vector Θ is adjusted by least square criteria 

with all the convective covered grids in the relevant dataset. 

In order to use the Kalman filter in the way shown at section 3c.1 Equation (9), 

the estimated precipitation for the whole dataset at time t is calculated as 
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where N is the number of rows and M is the number of columns of grids that define the 

Cartesian regions to be analyzed and ( ) ( ) ( ) ( )11
ˆ ˆ ˆ ˆ, , , ,

T

ij NMP t p t p t p t =    is the 

estimated precipitation vector. 

However, the Q estimation should be realized only with the covered grids (grids 

with valid precipitation observations). Then, let Y(t) be the observed precipitation vector 

at time t for just the covered grids 

𝑌𝑌(𝑡𝑡) = [𝑌𝑌1(𝑡𝑡),⋯ ,𝑌𝑌𝐶𝐶(𝑡𝑡)]𝑇𝑇 + 𝐶𝐶(𝑡𝑡), (A.5) 

where Yl(t) is the observed  precipitation 𝑃𝑃𝑖𝑖𝑗𝑗 (𝑡𝑡)  at covered grid i,j. V(t) is the observation 

noise assumed Gaussian with zero mean and covariance R.  

The estimated precipitation of covered grids is assumed, similar to the STI model, 

as: 

𝑌𝑌�(𝑡𝑡) = 𝐻𝐻 ∙ L(𝑡𝑡) ∙ 𝛩𝛩 (A.6) 
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where H is a matrix of dimension (𝐶𝐶,𝑁𝑁 × 𝐾𝐾) entries 𝐻𝐻𝑖𝑖𝑗𝑗 = 1if  𝑌𝑌𝑖𝑖(𝑡𝑡) correspond to the 

jth element of the vector P(t), else 𝐻𝐻𝑖𝑖𝑗𝑗 = 0.H is then a matrix used to reduce a vector of 

dimension 𝑁𝑁 × 𝐾𝐾 representing the “observed”  precipitation to a vector with only the 

covered grids. 

The Kalman filter is then used to estimate the values of Q(t) from the dynamical 

discrete system  

Q(𝑡𝑡 + 1) = Q(𝑡𝑡) + 𝑊𝑊(𝑡𝑡), (A.7) 

where 𝑊𝑊(𝑡𝑡) is a parameter estimation error, modeled as a Gaussian random variable with 

zero mean and a covariance matrix Q. Using the STI formulation to estimate the 

precipitation in the covered grids, the Kalman filter algorithm is applied as follows: 

1. 𝐴𝐴′(𝑡𝑡) = L(𝑡𝑡) ∙ 𝐴𝐴(𝑡𝑡 − 1) ∙ L𝑇𝑇(𝑡𝑡) + 𝑄𝑄 

2. 𝐸𝐸(𝑡𝑡) = 𝑌𝑌(𝑡𝑡) − 𝐻𝐻 ∙ L(𝑡𝑡) ∙ 𝛩𝛩(𝑡𝑡 − 1) 

The Kalman gain is given as: 

3. 𝐾𝐾(𝑡𝑡) = 𝐴𝐴′(𝑡𝑡) ∙ �𝐻𝐻 ∙ L(𝑡𝑡)�
𝑇𝑇

(𝐻𝐻 ∙ L(𝑡𝑡) ∙ 𝐴𝐴′(𝑡𝑡) ∙ (𝐻𝐻 ∙ L(𝑡𝑡))𝑇𝑇 + 𝑅𝑅)−1 

4. 𝛩𝛩�(𝑡𝑡) = 𝛩𝛩�(𝑡𝑡 − 1) + 𝐾𝐾(𝑡𝑡) ∙ 𝐸𝐸(𝑡𝑡) 

5. 𝐴𝐴(𝑡𝑡) = �𝑆𝑆 − 𝐾𝐾(𝑡𝑡) ∙ 𝐻𝐻 ∙ L(𝑡𝑡)�𝐴𝐴′(𝑡𝑡) 

6. 𝑃𝑃�(𝑡𝑡) = L(𝑡𝑡) ∙ 𝛩𝛩�(𝑡𝑡) 

 where A(t) is the a posteriori error covariance matrix. In order to apply the 

Kalman filter there is a need to impose an initial condition A(0) and the covariance 



88 
 

matrix Q and R. The value of A(0) determines the initial estimation rate of the Kalman 

filter and is normally used as a diagonal matrix with large values. 

A.2 Kalman filter testing model robustness 

 Overall, one of the factors that must be considered for a Kalman filter is the 

sensitivity to noise and model errors. In general a robust model that does not track the 

high frequency variations in the Kalman error (E(t) above)  is required. For this study, a 

test of model robustness was performed. This test consisted of running the Kalman filter 

using real lightning observations as input, but scaled up by 2 starting at a specific point in 

time (shown in the top panel of the figure below). It is expected that with the appropriate 

parameters in the correlation matrixes R and Q, this division will cause the Kalman filter 

to smoothly reduce the sum of the filter coefficients by a factor of 2 (after some time 

steps).  Early attempts at this analysis found that the absence of persistent excitation of 

the Kalman filter (small or no lightning input) can affect this testing, so Gaussian noise 

was added to the input in order to have all time values different to zero. The figure below 

shows a panel with the steps of this test, at the event at the Texas site day of the year 150 

for 2009. The top plot shows Gaussian counts time series, the middle panel shows the 

ratio for the total parameter sum and at the bottom panel the time series of 𝑃𝑃� per each 

lightning entry is presented.   

 Figure A.1 shows that the 𝑃𝑃� from the scaled input shows disagreement with 𝑃𝑃� 

from the true input once the lightning are degraded around minute 150. It is clear that the 

parameters slowly adjust themselves to compensate for this “step” change in input, and 
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when the ratio converges to 2 the estimated precipitation for both conditions. This 

demonstrates that the selected Kalman parameters are appropriate for our use. 
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Tables 
 
Table 1. Space accumulation statistical parameters. June 13, 2009 Mud Land, Texas 
event. KMAF radar domain (please see text for the acronyms). 
Parameter 𝑃𝑃𝑜𝑜𝑏𝑏𝑜𝑜  PEL 𝑃𝑃�𝑆𝑆𝑇𝑇𝑆𝑆@𝐶𝐶𝐶𝐶3 𝑃𝑃�𝐾𝐾𝐿𝐿𝐾𝐾@𝐶𝐶𝐶𝐶3 

Mean 16.1242 15.5452 11.1940 16.7563 

median 6.9052 6.2392 6.2881 7.2144 

mode 0.211 0 0 4.0277 

 
Table 2. Same as Table 1 but for every grid at every time.June 13, 2009 Mid Land, Texas 
event.KMAF radar domain (please see text for the acronyms). 

Parameter 𝑃𝑃𝑜𝑜𝑏𝑏𝑜𝑜  PEL 𝑃𝑃�𝑆𝑆𝑇𝑇𝑆𝑆@𝐶𝐶𝐶𝐶3 𝑃𝑃�𝐾𝐾𝐿𝐿𝐾𝐾@𝐶𝐶𝐶𝐶3 

Mean 0.1875 0.1808 0.2654 0.1948 

Median 0 0 0.1962 0.0393 

Mode 0 0 0.1962 0.0303 
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Figure Captions 
 
Figure 1. U.S. Radar Network Coverage at height 2 KM above ground level (AGL), 

shown by Maddox et al. 1995. Gray space holes surrounded the “radar coverage 

umbrella” represents topography blockage. Note the difference between KEMX and 

KMAF. 

 

Figure 2. Space and Time Invariant Model illustration. This figure shows the case when 

the STI model employs one time lag. The code used for this example case is 000110000. 

 

Figure 3. Gaussian lightning counts versus precipitation depth (mm) for KEMX radar 

site, warm seasons of 2009 (top) and 2010 (bottom).  Left: no sensor coverage applied.  

Right: sensor coverage filter applied.  The explained variance values for the linear 

regressions (black lines) are also shown. 

 

Figure 4. Space and time neighboring evaluation; top two panels, Southern Arizona 

region 2009 (left) and 2010 (right). Bottom panels, Midland, Texas region, 2009 (left) 

2010 (right). The blue line represents zero SN, Green line 1 SN, red 2 SN and Blue 3 SN. 

 

Figure 5. Spatial comparison PEL Lightning (observed, left); the STI model estimated 

precipitation training the model over all domain grids (true sensor coverage, center); the 

STI model estimated precipitation training the model over the domain that does not have 

blue crosses in the Figure (bottom right). 

 

Figure 6. Cumulative time series comparison of precipitation (mm) at KMAF2009 (top). 

Total domain observed precipitation (black solid line), Precipitation Explained by 

Lightning (PEL, red solid line), Kalman Estimated precipitation with the model trained 

over the complete domain (blue solid line), STI model estimated precipitation with the 

model trained over the denial domain ( cyan solid line), STI model estimated 

precipitation, model trained over denial domain with 2010 data (magenta solid line).  The 
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dashed lines are estimated precipitation training the data in the denial domain: Kalman 

model trained over denial domain retrieval (green), Observed precipitation over the 

denial grids (grid with blue crosses in Figure (4). 2010 (bottom). Same than 2009 but, 

STI model estimated precipitation model trained over the whole domain (cyan solid line).  

STI estimated precipitation mode trained over the denial domain (magenta dashed line) 

and Kalman estimated precipitation model trained over the denial domain (green dashed 

line). 

 

Figure 7. Space comparison: Total observed precipitation in mm (left); Kalman 

estimated precipitation model trained over the total domain (CV3) (center); Kalman 

estimated precipitation model trained over the denial domain (CV4) (right). 

 

Figure 8. Cumulative time series comparison of precipitation (mm) at KEMX for 2009. 

Total domain observed precipitation (black solid line), Precipitation Explained by 

Lightning (PEL, red solid line), Kalman Estimated precipitation with the model trained 

over the sensor covered domain (blue solid line), STI model estimated precipitation with 

the model trained over the sensor covered domain ( cyan solid line), STI model estimated 

precipitation, model trained over the complete domain (magenta solid line),  Kalman 

estimated precipitation training the model over the complete domain (dashed green line) 

and total observed precipitation over the covered domain (black dashed line). 

 

 

Figure 9. Spatial comparison of precipitation (mm) at KEMX.  Total observed 

precipitation (top left), PEL (bottom left), Kalman estimated precipitation  (top right) and 

STI model estimated precipitation (bottom right). For both models estimation shown in 

this Figure, the model was trained over the covered region. 

 

Figure 10. Spatial precipitation maps (mm) for the event that occurred on June13, 2009, 

around Midland, Texas. Total event observed precipitation (top left), Total event PEL 



99 
 

(bottom left), Total event Kalman estimated precipitation (top right) and total event 

STIM estimated precipitation (bottom right). For both estimations the complete domain 

was used to train the models. Black dots represent lightning strikes. 

 

Figure 11. Time Series comparison of accumulated precipitation (mm) for the event 

occurred on June13, 2009, around Midland, Texas. Total domain observed precipitation 

(black solid line), Precipitation Explained by Lightning (PEL, red solid line), Kalman 

Estimated precipitation with the model trained over the sensor covered domain (blue 

solid line), Kalman Estimated precipitation with the model trained over the sensor denial 

domain (green solid line), STI model estimated precipitation with the model trained over 

the whole domain ( cyan solid line) and STI model estimated precipitation  with the 

model trained over the sensor denial domain (magenta solid line). 

 

Figure 12. Spatial precipitation maps (mm) for the event occurred on July 30, 2010, in 

Southern Arizona. Total event observed precipitation (top left), Total event PEL (bottom 

left), Total event Kalman estimated precipitation (top right) and total event STIM 

estimated precipitation (bottom right). Black dots represent lightning strikes. 

 

Figure 13. Time Series comparison of accumulated precipitation (mm) for the event 

occurred on July 30, 2009, around southern Arizona. Total domain observed precipitation 

(black solid line), Precipitation Explained by Lightning (PEL, red solid line), Kalman 

Estimated precipitation with the model trained over the sensor covered domain (blue 

solid line), Kalman Estimated precipitation with the model trained over the whole domain 

(green solid line), STI model estimated precipitation with the model trained over the 

covered domain( cyan solid line) and STI model estimated precipitation  with the model 

trained over the sensor over the whole domain ( cyan solid line), Total observed 

precipitation over the covered domain (gray solid line). 
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Figure 14. Comparison of the grid Mean Square Error (MSE) for Southern Arizona 

2009. Note that the Kalman filter error (red line) is less than a half error than the simple 

least squares model (blue line) and about half the time fixed STI model (green line). 

 

Figure A.1. KMAF 2009, event at DOY 150. Lightning time series (top panel), 

Parameters ratio (middle panel) and estimated precipitation (bottom panel). 
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Figures 
 

 
Figure 1. U.S. Radar Network Coverage at height 2 KM above ground level (AGL), 

shown by Maddox et al. 1995. Gray space holes surrounded the “radar coverage 

umbrella” represents topography blockage. Note the difference between KEMX and 

KMAF. 
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Figure 2. Space and Time Invariant Model illustration. This figure shows the case when 

the STI model employs one time lag. The code used for this example case is 000110000. 
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Figure 3. Gaussian lightning counts versus precipitation depth (mm) for KEMX radar 

site, warm seasons of 2009 (top) and 2010 (bottom).  Left: with no sensor coverage 

applied.  Right: with sensor coverage filter applied.  The explained variance values for 

the linear regressions (black lines) are also shown. 
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Figure 4. Space and time neighboring evaluation; top two panels, Southern Arizona 

region 2009 (left) and 2010 (right).Bottom panels, Midland, Texas region, 2009 (left) 

2010 (right). The blue line represents zero SN, Green line 1 SN, red 2 SN and Blue 3 SN. 
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Figure 5. Spatial comparison, Total observed precipitation (top left), PEL (top, right); the 

STI model estimated precipitation training the model over all domain grids (true sensor 

coverage, bottom left); the STI model estimated precipitation training the model over the 

domain that does not have blue crosses in the Figure (bottom right). 
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Figure 6. Cumulative time series comparison of precipitation (mm) at KMAF.2009 (top). 

Total domain observed precipitation (black solid line), Precipitation Explained by 

Lightning (PEL, red solid line), Kalman Estimated precipitation with the model trained 

over the complete domain (blue solid line), STI model estimated precipitation with the 

model trained over the denial domain ( cyan solid line), STI model estimated 

precipitation, model trained over denial domain with 2010 data (magenta solid line).  The  
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dashed lines are estimated precipitation training the data in the denial domain: Kalman 

model trained over denial domain retrieval (green), Observed precipitation over the 

denial grids (grid with blue crosses in Figure (4). 2010 (bottom). Same than 2009 but, 

STI model estimated precipitation model trained over the whole domain (cyan solid line).  

STI estimated precipitation mode trained over the denial domain (magenta dashed line) 

and Kalman estimated precipitation model trained over the denial domain (green dashed 

line).  
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Figure 7. Space comparison: Total observed precipitation in mm (left); Kalman 

estimated precipitation model trained over the total domain (CV3) (center); Kalman 

estimated precipitation model trained over the denial  domain (CV4) (right). 
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Figure 8. Cumulative time series comparison of precipitation (mm) at KEMX for 2009. 

Total domain observed precipitation (black solid line), Precipitation Explained by 

Lightning (PEL, red solid line), Kalman Estimated precipitation with the model trained 

over the sensor covered domain (blue solid line), STI model estimated precipitation  with 

the model trained over the sensor covered domain ( cyan solid line), STI model estimated 

precipitation, model trained over the complete domain (magenta solid line),  Kalman 

estimated precipitation training the model over the complete domain (dashed green line) 

and total observed precipitation over the covered domain (black dashed line). 
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Figure 9. Spatial comparison of precipitation (mm) at KEMX.  Total observed 

precipitation (top left), PEL (bottom left), Kalman estimated precipitation  (top right) and 

STI model estimated precipitation (bottom right). For both models estimation shown in 

this Figure, the model was trained over the covered region.  
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Figure 10. Spatial precipitation maps (mm) for the event that occurred on June13, 2009, 

around Midland, Texas. Total event observed precipitation (top left), Total event PEL 

(bottom left), Total event Kalman estimated precipitation (top right) and total event 

STIM estimated precipitation (bottom right). For both estimations the complete domain 

was used to train the models. Black dots represent lightning strikes.  
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Figure 11. Time Series comparison of accumulated precipitation (mm) for the event 

occurred on June13, 2009, around Midland, Texas. Total domain observed precipitation 

(black solid line), Precipitation Explained by Lightning (PEL, red solid line), Kalman 

Estimated precipitation with the model trained over the sensor covered domain (blue 

solid line), Kalman Estimated precipitation with the model trained over the sensor denial 

domain (green solid line), STI model estimated precipitation with the model trained over 

the whole domain ( cyan solid line) and STI model estimated precipitation  with the 

model trained over the sensor denial domain (magenta solid line). 
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Figure 12. Spatial precipitation maps (mm) for the event occurred on July 30, 2010, in 

Southern Arizona. Total event observed precipitation (top left), Total event PEL (bottom 

left), Total event Kalman estimated precipitation (top right) and total event STIM 

estimated precipitation (bottom right).Black dots represent lightning strikes. 
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Figure 13. Time Series comparison of accumulated precipitation (mm) for the event 

occurred on July 30, 2009, around southern Arizona. Total domain observed precipitation 

(black solid line), Precipitation Explained by Lightning (PEL, red solid line), Kalman 

Estimated precipitation with the model trained over the sensor covered domain (blue 

solid line), Kalman Estimated precipitation with the model trained over the whole domain 

(green solid line), STI model estimated precipitation  with the model trained over the 

covered domain( cyan solid line) and STI model estimated precipitation  with the model 

trained over the sensor over the whole domain ( cyan solid line), Total observed 

precipitation over the covered domain (gray solid line). 
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Figure 14. Comparison of the grid Mean Square Error (MSE) for Southern Arizona 

2009. Note that the Kalman filter error (red line) is less than a half error than the simple 

least squares model (blue line) and about half the time fixed STI model (green line). 
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Figure A.1. KMAF 2009, event at DOY 150. Lightning time series (top panel), 

Parameters ratio (middle panel) and estimated precipitation (bottom panel). 
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