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ABSTRACT
Statistical models valid May–September were developed to predict the probability of lightning in 3-h
intervals using observations from the North American Lightning Detection Network and predictors derived
from Global Environmental Multiscale (GEM) model output at the Canadian Meteorological Centre.
Models were built with pooled data from the years 2000–01 using tree-structured regression. Error reduction by most models was about 0.4–0.7 of initial predictand variance.
Many predictors were required to model lightning occurrence for this large area. Highest ranked overall
were the Showalter index, mean sea level pressure, and troposphere precipitable water. Three-hour changes
of 500-hPa geopotential height, 500–1000-hPa thickness, and MSL pressure were highly ranked in most
areas. The 3-h average of most predictors was more important than the mean or maximum (minimum where
appropriate). Several predictors outranked CAPE, indicating it must appear with other predictors for
successful statistical lightning prediction models.
Results presented herein demonstrate that tree-structured regression is a viable method for building
statistical models to forecast lightning probability. Real-time forecasts in 3-h intervals to 45–48 h were made
in 2003 and 2004. The 2003 verification suggests a hybrid forecast based on a mixture of maximum and mean
forecast probabilities in a radius around a grid point and on monthly climatology will improve accuracy. The
2004 verification shows that the hybrid forecasts had positive skill with respect to a reference forecast and
performed better than forecasts defined by either the mean or maximum probability at most times. This was
achieved even though an increase of resolution and change of convective parameterization scheme were
made to the GEM model in May 2004.

1. Introduction
The North American Lightning Detection Network
(NALDN) provides continuous lightning detection
over Canada and the contiguous United States and near
offshore to about 65°N in the northwest and 55°N in the
northeast. Locations of detectors are listed in Orville
et al. (2002). The Meteorological Service of Canada
Corresponding author address: William R. Burrows, Environment Canada–MSC/PNR–Sciences Division, Twin Atria Bldg.,
Rm. 200, 4999 98th Ave., Edmonton, AB T6B 2X3, Canada.
E-mail: william.burrows@ec.gc.ca

(MSC) receives lightning flash reports for Canada and
the northern United States to 35°N east of 100°W and
to 40°N west of 100°W. Network detection efficiency of
cloud–ground lightning exceeds 80% but drops off
quickly near the periphery. Over most of southern
Canada it is 90% or higher (Cummins et al. 1998). Only
about 4% of cloud–cloud lightning is detected. Climatologies (Burrows et al. 2002; Orville et al. 2002) reveal
complex lightning patterns with strong latitudinal, seasonal, and diurnal dependencies, and significant influence by topography and land–water boundaries.
Over much of Canada little information about lightning occurrence was previously available. A need exists
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for better short-term prediction in public and aviation
forecasts. Large remote areas are not well covered by
current forecasts yet there is a need by forestry agencies
for detailed forecasts to determine the likelihood of
forest fires. Lightning is not predicted by the Canadian
weather prediction model. We decided to build statistical models relating observed lightning to predictors
known to represent favorable conditions for its occurrence. Lightning occurs in the warm season over a relatively large and diverse geographical area on most days;
thus, one to two years of data should be sufficient for all
but far northern areas.
Most statistical prediction models described in the
literature are meant for predicting mean or total flashes
or thunderstorm occurrence during long periods such as
a day or month, or for small areas. These studies provide much useful information about useful predictors
for lightning. Processes governing lightning activity are
CAPE, convective instability so that CAPE may be released, airmass moisture content, large-scale and local
lift, vertical wind shear, cloud ice content, and climate
controls like latitude, longitude, land–water boundaries, and terrain gradients. Reap and Foster (1979)
related predictors from NWP models to radar and thunderstorm observations. They found the K convective
instability index to be a key predictor and noted the
importance of large-scale lifting of unstable air. After a
detection network was established over the U.S. southern Great Plains, Reap and MacGorman (1989) related
radar and lightning detector observations to NWP
model output. They noted the importance of boundary
layer moisture, lift, and airmass instability. They used
freezing level and wind shear as predictors, though
these proved to be of lesser importance. Price (2000)
derived relations between lightning and uppertropospheric precipitable water. Mazany et al. (2002)
found tropospheric precipitable water, and its change
with time, and convective instability to be key predictors for lightning near the Kennedy Space Center. Soriano et al. (2001) related lightning over a small area of
Spain to airmass moisture, dry static instability, lowlevel mean flow, latitude, and longitude. They found
static instability to be the most relevant factor for determining the number of thunderstorm days, and moisture content for determining the number of flashes. Using physical principles Price and Rind (1992) derived a
parameterization for flash rate over land proportional
to the fifth power of cloud depth assuming a cubic
cloud. This diagnostic relation is intended for monthly
and annual mean positions of lightning occurrence in
climate models, and not for short periods.
We built models with the same or similar candidate
predictors as the aforementioned studies and other pre-
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dictors we thought to be related to lightning. We used
many predictors since our area of interest is large and
diverse. Most were derived from Global Environmental
Multiscale (GEM) NWP model (Côté et al. 1998) output at the Canadian Meteorological Centre (CMC).
The Price and Rind (1992) parameterization was included though cloud depth is not directly predicted and
must be estimated. Tree-structured regression (Brieman et al. 1984; Steinberg and Colla 1995; Venables
and Ripley 2002) was used for model development because lightning occurrence is highly nonlinear, and treestructured regression is known to produce results superior to linear regression (Burrows 1997). The method is
relatively unknown in the meteorological community so
we describe some aspects of how it works. Monthly
models valid May–September were developed to predict the probability of lightning in each 3-h interval in a
24-h period using 2000 and 2001 pooled learning data.
Dynamic predictors were calculated from 6- and 12-h
GEM forecasts, and we assume statistical models derived from them to be valid to 48 h in forecast applications. We describe the procedure for creating the models in section 2. Forecasts were made in real time at
CMC in 2003 and 2004. Verification is discussed in section 3. Using 2003 verification, we suggest a method for
making probability forecasts of lightning using the
group of forecasts enclosed in a fixed radius around a
grid point. A summary and conclusions follow in section 4.

2. Data and modeling methods
a. Predictand
Lightning flashes are continuously reported and must
be gridded to match with predictors. Reports in 3-h
time intervals were transformed to a grid of approximately the resolution of the GEM model, 24 km. Each
report was assigned a weight of one at grid points up to
10 km distant, and a partial weight decreasing linearly
from 1 to 0 at grid points 10–20 km distant. We refer to
the gridded predictand as flash report density (FRD).
Its sum over all grid points is approximately twice the
number of reports. Cloud–ground flashes were not
separated from cloud–cloud flashes since we wish to
predict any ground-detected lightning. Lightning is episodic and usually occurs over less than 10% of our area
of interest in a 3-h period. There is considerable diurnal
variation even in frontal systems. Maximum activity is
usually near late afternoon and minimum activity near
dawn, though midcontinent areas see considerable nocturnal lightning (Burrows et al. 2002). Figure 1 shows
distributions of ln(FRD) in two widely separated 5°
latitude ⫻ 5° longitude sectors for July 2000 and 2001.
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b. Predictors

FIG. 1. Distributions of ln(FRD) within two 5° lat ⫻ 5° lon
sectors for the following locations for Jul 2000 and Jul 2001 pooled
data: (a), (b) 35°–40°N, 90°–85°W and (c), (d) 55°–60°N, 130°–
125°W. Time segments are (a) 2100–2400, (b) 0900–1200, (c)
0000–0300, and (d) 1200–1500 UTC. FRD nonoccurrences are not
included.

Approximate times are 1600–1900 local standard time
(LST) for Figs. 1a,c and 0400–0700 LST for Figs. 1b,d.
Vertical scales are not equal to show distribution patterns. Nonoccurrences are not included. The ln(FRD)
distribution approximately follows a positive-valued
normal distribution when there are many lightning
flashes and an exponential distribution when there are
relatively few. Distribution shapes in Fig. 1 are typical
for areas of this dimension. A large lightning decrease
from late afternoon to early morning is evident, as Fig.
1a includes 0.088 of the grid points in its sector but Fig.
1d includes only 0.004 of the grid points in its sector.
We often saw a range for FRD in events with similar
predictor values, and found more variance reduction
could be achieved by linearizing the predictand and
treating the transformed data as continuous. FRD was
transformed into 11 categories of flashes per 3-h: 1)
0–0.01, 2) ⬎0.01–0.50, 3) ⬎0.50–1.0, 4) ⬎1.0–2.7, 5)
⬎2.7–7.4, 6) ⬎7.4–20, 7) ⬎20–55, 8) ⬎55–148, 9) ⬎148–
403, 10) ⬎403–1097, and 11) ⬎1097–2981. The boundaries of categories 4–11 are e1 to e8 with higher values
rounded. Category ranges can be arbitrarily described
as none (1), any (2–11), chance (2), occasional (3–6),
frequent (7–11), and rapid (9–11). Frequent lightning
includes rapid lightning categories since the meanings
of frequent and rapid are not mutually exclusive.

Dynamic predictors were calculated from archived
GEM 6- and 12-h forecasts for May–September 2000
and 2001, one learning dataset for each of eight daily
3-h increments. Data in 6-h increments were interpolated to intermediate 3-h times before predictors were
calculated. Like most numerical models, GEM suffers
from model spinup error for the first few forecast hours.
To circumvent this, 0-h forecast data were replaced
with the previous run’s 12-h forecast data. Thus, from
0000 and 1200 UTC, predictors for 0–3- and 3–6-h periods were calculated with data from the previous run’s
12-h forecast and the current run’s 6-h forecast, and
predictors for 6–9- and 9–12-h periods were calculated
with data from the current run’s 6- and 12-h forecasts.
Basic predictors are shown in Table 1. For dynamic
predictors the mean, maximum (minimum where appropriate), and change in 3-h intervals were used; thus,
three separate predictors were derived from one basic
predictor (e.g., 500–1000-hPa layer thickness). Several
predictors are closely correlated or redundant. This is
not problematical for tree-structured regression. Most
predictors in Table 1 will be familiar to readers with a
meteorology background and are found in textbooks
(e.g., Bluestein 1993). The change with time of a basic
predictor, such as 500–1000-hPa thickness, is related to
frontal motion, which causes large-scale lift and is a
factor in most thunderstorms over Canada. Potential
cloud-top height is estimated by lifting an air parcel
above the equilibrium level until the negative buoyant
energy equals the positive buoyant energy below the
equilibrium level. We disregard entrainment, and so
overestimate true cloud height. The convective precipitation forecast made by the GEM cumulus parameterization scheme (Fritsch and Chappell 1980) was not
used because only 6-h accumulations were archived.
However, several predictors were included that are related to physical processes in the Fritsch and Chappell
(1980) parameterization: CAPE, convective inhibition,
Showalter and lifted indices (related to the trigger function), precipitable water (environment moisture), and
700-hPa vertical motion. The tree-structured regression
algorithm will use these in various combinations in
places where it might instead have used convective precipitation. We anticipate including convective precipitation in future models. However, it should be noted
that convective parameterization schemes do not always forecast deep convection when and where it occurs. Assimilation of lightning data into NWP models
to nudge the convective parameterization scheme to
position convection in the right place and to adjust latent heat and moisture profiles is a topic of consider-
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TABLE 1. Candidate predictors. Descriptions include pressure level (if applicable) and time treatment (if applicable). The latter is
3-h max, mean, and change, indicated by (mxavch). For appropriate predictors, 3-h min (mn) used instead of (mx).
Acronym
CAPE

CIN
HE
THW

Description

Acronym

Convective available potential energy
calculated from the highest THW in the
lowest 200 hPa (mxavch)
Convective inhibition calculated from the
surface (mxavch)
Relative helicity (mxavch)
Maximum wet-bulb potential temperature in
a vertical column (mxavch)

Showalter index and lifted index (mnavch)

SWEAT
SI

Severe weather threat index
Storm severity index

PW

Precipitable water in the troposphere
(mxavch)
Precipitable water in the upper troposphere
(700–400 hPa) (mxavch)
Dewpoint temperature (surface, 850 hPa, 700
hPa), (mxavch)
Temperature at 850, 700, and 500 hPa
(mxavch)
MSL pressure (mxavch)
Price and Rind lightning parameterization
function

PWU
TD
TT
MSLP
PRI

GZ

Geopotential height at 1000 and 500 hPa
(mxavch)

DZ

Thickness of layers: 500–1000, 850–1000,
700–850, and 700–1000 hPa (mxavch)
Vertical motion (700 hPa) (mnavch)
Depth of ascent (WU) and descent (WD), in
deep layers: T ⫽ 250–1000 hPa and L ⫽
700–1000 hPa (mxavch)

W
WUT
WDT
WUL
WDL
TROP
TROT
TROZ
DZ0TRO
DZ0CT

SHO
LI

able current research (e.g., Pessi et al. 2005). The Price
and Rind (1992) lightning parameterization for flashes
per minute by a cubic cloud of dimension H km for
continental flashes is Fc ⫽ 3.44 ⫻ 10⫺5H4.9 and for marine flashes Fm ⫽ 6.4 ⫻ 10⫺4H1.73. The Price and Rind
(1992) function for land flashes is very sensitive to
cloud depth and likely to be error prone because we
must infer cloud depth indirectly. We included it as a
predictor in case it might prove useful. The depth of
convective cloud at temperatures below 0°C is included
because ice particles play an important role in cloud
electrification. CMC’s storm severity index (SI) is defined by Vigneux and Turcotte (1987) as
SI ⫽ 100兵2 ⫹ 关0.276 ln共SHR兲兴 ⫹ 共2.011 ⫻ 10⫺4CAPE兲其,
共1兲
where SHR is surface to 12 000 ft mean vertical wind
shear (in units 10⫺3 s⫺1) and CAPE is in units of joules
per kilogram (J kg⫺1). It has similarity with the severe
weather threat (SWEAT) index.

c. Modeling methods
Data were stratified into seventy-seven 5° latitude ⫻
5° longitude sectors shown by Fig. 2. The 50% lightning

Description

Tropopause (TRO): pressure (P),
temperature (T), and height (Z) (mxavch)

CLTOPZ

Thickness (DZ): 1) height of 0°C level to
tropopause (0TRO) and 2) 0°C to
potential cloud top (0CT) (mxavch)
Potential cloud-top height (mxavch)

TOPOG

Topography elevation

LAW

Land–water fraction (0 to 1)

VEG

Vegetation type

LAT
LON

Gridpoint latitude
Gridpoint longitude

detection efficiency contour for the NALDN (Cummins et al. 1998) cuts through the outermost sectors in
Fig. 2 (as can be seen in Fig. 6). We did not use data
outside of this line. Separate models were built for each
sector and month. Predictors were matched with the
transformed FRD predictand for each 3-h period, giving 3280 learning datasets. Lightning forecasts for any
24-h period (e.g., 0–24 h, 24–48 h) can be made from
one set of daily models. Using models developed for a
short projection to make forecasts for a longer projection was referred to as “time-offset model output statistics” in Burrows (1985).
We derived models with tree-structured regression
(Brieman et al. 1984; Steinberg and Colla 1995; Venables and Ripley 2002, chapter 9). This nonparametric
algorithm minimizes residual predictand variance by
finding a series of decisions that use predictor threshold
values to cluster groups of similar training data into a
set of “terminal nodes.” Before trees were grown, we
randomly permuted learning data events in each FRD
category, then reserved 70% for tree-growing and 30%
for tree error calculation. The latter is required during
the tree growing process to find the best tree structure.
This tree should be validated with an independent data
sample after the tree is found. (Alternatively, tree error
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FIG. 2. Model development region for 5° lat ⫻ 5° lon sectors shown by heavy solid lines.

for an independent validation data sample can be estimated from the learning sample by cross-validation if
one wishes to keep an entire dataset for learning. In
10-fold cross-validation the learning data are divided
into 10 partial datasets of equal size. Reserving each
partial dataset in turn, a tree is grown using the remaining 90% of the learning data, the tree is applied to the
partial dataset to find the error, and the 10 errors are
averaged.)
An example discussed after this paragraph should
help to make the following brief explanation of the
methodology more understandable. Beginning at the
root node, training data are clustered into left and right
child nodes by searching through all predictors until a
threshold value of one predictor is found that gives the
minimum residual predictand variance after the split.
Partitioning continues along each branch until further
variance reduction cannot be achieved or until a specified limit is reached on the population of the last internal node. We set this limit at 25. The tree structure that
exists when node partitioning has stopped in all
branches is called the maximal tree, and it will usually
overfit the data. Branches of the maximal tree are
pruned back based both on predictive accuracy and a
penalty applied to large trees. As each new tree structure evolves during the pruning process, its error when
applied to the separate tree error calculation data is
determined. The final tree structure chosen is the one
having the minimum error or within one standard deviation of it. Terminal nodes are distinct from each
other; thus, the fitted predictand is piecewise continuous. The prediction assigned to each terminal node is
usually the predictand mean calculated from the population of events in the node. A probability distribution

for the predictand can be established for each terminal
node from the distribution in events that fell into it. For
example, if a terminal node contains 500 events, 25 of
which were FRD category 1 (no lightning), 475 of which
were categories 2–11, and 100 of those which were categories 7–11, the predicted probabilities of no lightning,
lightning, and frequent lightning are 0.05, 0.95, and 0.2
respectively.
Figure 3 shows a tree for 45°–50°N, 105°–100°W valid
0900–1200 UTC (0300–0600 LST) in June, dealing with
nocturnal to near-dawn lightning on the northern
plains. Nodes with populations below 1000 events were
not split to limit figure size. This tree was built by the
method described in Venables and Ripley (2002) where
tree error for an independent validation sample is estimated by 10-fold cross-validation because it is easy to
produce a compact figure. It is identical to the tree
produced by our alternative method of setting aside
independent validation data beforehand. Of the 35 518
events in the root node, 7.04% had FRD categories
2–11. Several paths lead to terminal nodes with mostly
lightning or mostly no-lightning events. Root node
events were split by the predictor threshold value
PWUAV ⫽ 9.502 cm, where PWUAV is uppertroposphere precipitable water averaged for 0900–1200
UTC. A total of 6887 events with PWUAV ⱖ 9.502 cm
went to the right, while 28 631 events with PWUAV ⬍
9.502 cm to the left. The rightmost terminal node is
reached by events with PWUAV ⱖ 9.502 cm,
GZ100MX ⱖ 12.52 dam, GZ500MX ⬍ 589.6 dam, and
TT700CH ⬍ ⫺0.2259°C (see Table 1 for definitions of
these parameters). It contains many lightning events, as
is seen by its average FRD category value of 4.9 for 739
events. The threshold predictor values needed to reach
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FIG. 3. Tree for 45°–50°N, 105°–100°W for 0900–1200 UTC for Jun. Internal nodes shown as circles;
terminal nodes as squares. Some predictor names in Table 1 are abbreviated: GZ100MX, 3-h max
1000-hPa geopotential height; and D4MX, 3-h max 700–1000-hPa thickness. Number of events in
nodes is shown as “n ⫽.” Above this is avg FRD category for these events.

this node show it likely contains events where lightning
was caused by a cold front impacting warmer moist air,
since there is relatively high 3-h average uppertroposphere precipitable water, maximum 1000-hPa
geopotential height is greater than 12.52 dam (likely
because 1000-hPa geopotential height was rising as the
front passes), maximum 500-hPa geopotential height is
less than 589.6 dam (greatest heights had passed), and
700-hPa temperature is decreasing. There are two other
terminal nodes in Fig. 3 containing mostly lightning
events. One, with 421 events, whose average FRD category is 4.1, is reached with PWUAV ⱖ 9.502, maximum 1000-hPa geopotential height less than 12.52 dam,
and SI increasing more than 5.199 in 3 h. These are
probably events in destabilizing warm moist air since
the 1000-hPa geopotential height is relatively low. Another terminal node containing 338 events with average
FRD category 3.9 is reached when PWUAV ⬍ 9.502

cm, 3-h maximum relative helicity is ⱖ 318.4 m2 s⫺2,
and 500-hPa geopotential height decreases more than
0.918 dam in 3 h. Many of these events likely involve
frontal lift since helicity is relatively large. The left-most
terminal node contains 27 562 events whose average
FRD category is 1.1. Only 1.8% of these had FRD
categories 2–11; thus, there is a small chance of lightning if PWUAV is less than 9.502 cm and relative helicity is less than 318.4 m2 s⫺2. There are other lowvalued terminal nodes as well as some of intermediate
values. Notice the higher-valued bottom-most terminal
node (2.4) is reached when 3-h average 700-hPa vertical
motion is less than ⫺0.1956 hPa s⫺1 (ascent).
Tree-structured regression uses portions of the data
with relatively higher local predictand–predictor correlations to discover a tree structure. That it was possible
to find a tree for the situation in Fig. 3 illustrates the
strength of the method for modeling a nonlinear pre-
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TABLE 2. Approximate sizes, development sample training, and
error calculation datasets.
Lat (°N)

Events in
training dataset

Events in error
calculation dataset

35–40
40–45
45–50
50–55
55–60
60–65

35 000
30 000
25 000
21 000
17 000
6000

15 000
13 000
11 000
9000
7000
3000

dictand. In the entire dataset for Fig. 3 the highest correlation of the FRD predictand with any predictor
(PWUAV) was 0.31. Correlation of FRD with
TT700CH is only ⫺0.019 overall, but for the events in
the rightmost internal node it is ⫺0.388. The tree in Fig.
3 explains 0.496 of the predictand variance in the training data with 11 terminal nodes. Cross-validation estimates it would explain 0.44 of the predictand variance
when applied to independent validation data. However,
it is possible to explain much more of the predictand
variance if node splitting is allowed to continue when
the node population drops below 1000. For our models
we allowed node splitting to continue until the node
population dropped below 25. The best tree structure
found for the data in Fig. 3 had 244 terminal nodes and
explained 0.874 of the predictand variance in the training data and 0.731 of the predictand variance in the
independent tree error calculation data.

3. Results and discussion
a. Model development
The average sample sizes for training and tree error
calculation data are in Table 2. The number of available
events decreases toward the north since a 5° latitude ⫻
5° longitude area shrinks. Available data in the 60°–65°
sector are mainly in the western region and do not
cover entire 5° latitude ⫻ 5° longitude boxes due to the
northern cutoff of NALDN observations. To determine
the level of improvement a statistical model achieves, it
is useful to plot the ratio ␣ ⬅ initial predictand variance
divided by its mean, against the ratio ␤ ⬅ residual variance divided by initial variance (relative error). Here, ␣
expresses the predictand variance as a fraction of its
mean and reduces the spread of our plotting values.
Low ␣ indicates little lightning, and high ␣ indicates
substantial lightning. Lower ␤ means the model explains more predictand variance. For high ␣, a statistical method should explain a relatively greater fraction
of predictand variance because there is more available
to be fit, whereas for small ␣, it is difficult to explain
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much predictand variance because there is relatively
little available to be fit. Figures 4 and 5 show ␣ plotted
against ␤ in four longitude sectors for 2100–2400 UTC
(late afternoon to early evening) and 0900–1200 UTC
(night to early morning). Results in each panel are for
all 5° latitude bands in the indicated 5° longitude band
for all 5 months. Latitude and month are identified at
each point. It is impossible to do this without overplotting some identifications but this does not impact the
discussion below. Generally, ␣ is lower for early morning, when lightning is minimal, except for the longitude
range 100°–95°W, where nocturnal lightning frequently
occurs. High ␤ generally occurs with low ␣, and ␤ decreases as ␣ increases. For the majority of 5° latitude ⫻
5° longitude sectors ␤ is reduced to about 0.3 to 0.6.
Where ␣ is small, the models mostly reduced residual
predictand variance to about 0.6–0.8 of the initial variance, and sometimes lower. Models with low ␣ and high
␤ tend to be for northerly sectors in May and September and 0900–1200 UTC, periods when lightning is
minimal though there were exceptions.
Decision trees were least complicated in northern
latitudes and most complicated in southern latitudes,
where there were several hundred terminal nodes in
most trees. This is an indication that many combinations and values of predictor variables favor lightning
occurrence here. For example, lightning can occur in
environments of relatively strong convective instability
and low precipitable water, or relatively weak convective instability and high precipitable water. These conditions would be found in different tree branches.
Predictor importance is calculated on an ad hoc scale
of 0–100 by saving the maximum variance reduction
each predictor achieved at each internal node during
the node-splitting process of finding the predictor and
its threshold, which gives the overall maximum reduction of variance. When the best tree is found, results for
each predictor are summed over all internal nodes and
scaled relative to the best performing predictor. This
gives a fair rank to those predictors that would perform
nearly as well as a primary predictor. We assessed the
overall rank of each predictor by adding its importance
for many trees and sorting results. Table 3 shows the
top 10 ranked predictors for the following scenarios: 1)
40°–65°N west of 110°W; 2) 40°–60°N, 110°–90°W; 3)
35°–60°N, 90°–75°W; 4) 35°–55°N east of 75°W; 5) 55°–
65°N for all longitudes; 6) 35°–45°N east of 100°W; 7)
all locations at 1800–0300 UTC; and 8) all locations at
0900–1500 UTC. Many redundant predictors were offered, particularly in regard to 3-h computations, and
they were often closely ranked. To reduce redundancy
in tables, whenever the 3-h average or maximum (minimum if applicable) of a basic predictor (e.g., Showalter
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FIG. 4. Ordinate is initial predictand variance divided by predictand mean (␣). Abscissa: relative error
(␤) for models valid 2100–2400 UTC. Results are shown for each 5° lat band in the indicated 5° lon band
with two identifications: 1) lat sector and 2) month. Lat band code is 1) 35°–40°N, 2) 40°–45°N, 3)
45°–50°N, 4) 50°–55°N, 5) 55°–60°N, and 6) 60°–65°N. Month code is m, May; j, Jun; J, Jul; a, Aug; and
s, Sep.

index) appeared as separate predictors in a ranked list,
only the higher-ranked computation of the predictor is
shown in Table 3. Likewise, in reporting the rank of the
tropopause height, pressure, and temperature predictors, only the highest-ranked predictor name of the
three is listed. The same was done for the MSL pressure
and 1000-hPa geopotential height predictors. The
Showalter and lifted indices were both kept in the lists
even though they are related to each other since they
were often substantially separated in rank. There is
consistency in the predictors appearing in Table 3 for
the various regions though relative rankings differ.
Overall the highest-ranked predictors are Showalter index, MSL pressure, and troposphere precipitable water.

The lifted index ranks higher than the Showalter index
in the far west and north. Other highly ranked predictors are the SWEAT index, layer thickness (usually
500–1000 hPa), depth of cloud above the 0°C height,
upper-troposphere precipitable water, potential cloudtop height, tropopause temperature, and 500-hPa geopotential height. In the north, the Price and Rind function (Price and Rind 1992) was among the 10 highestranked predictors. The 3-h average of a basic predictor
was far more important than its maximum or minimum
value, consistent with the derivation of the predictand
from 3-h FRD. The 3-h changes of 500-hPa geopotential height and thickness, and MSL pressure, are representative of frontal motion and were highly ranked in
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FIG. 5. Same as in Fig. 4 but for models valid 0900–1200 UTC.

many areas. CAPE is not included among the 10 highest-ranked predictors but had a middle rank, as will be
seen in Table 4. Thus, while CAPE is an essential ingredient for convection, other characteristics of the environment such as potential for lift determine whether
convection will proceed sufficiently to cause lightning.
Other predictors besides those in Table 3 will be required to build successful lightning prediction models.
Predictors have a lesser rank if they tend to appear
deep into decision-tree branches rather than near the
top. These predictors are valuable for isolating the details of a meteorological situation determined by other
predictors appearing closer to the top of the tree. Table
4 shows a ranked list of predictors taken by adding
predictor importance for all trees and scaling the result
to a scale of 0 to 100. Redundancy was reduced for
Table 4 in the same manner as in Table 3 with the
additional decision to record the first occurrence of

WUT or WDT, and WUL or WDL (see Table 1 for
definition of these parameters). Care should be taken
when interpreting the low rank of climate-control predictors. For example, topography elevation and land–
water designation ranked low overall but are important
in localities with significant elevation gradients and
land–water boundaries. We see the same predominance
of 3-h average over 3-h maximum (or minimum) computation for predictors. The 61 predictors in Table 4 are
probably sufficient for statistical models to predict the
probability of lightning over the widely diverse array of
regions, diurnal times, and months covered here. A few
runs using the full and reduced predictor sets in several
different sectors showed comparable accuracy.

b. Forecast verification
Real-time predictions were made for May–
September 2003 and 2004 in 3-h intervals to 45–48 h for
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TABLE 3. Top-10 ranked predictors. Abbreviations in parentheses after predictor names are 3-h avg (av), 3-h max (mx), and 3-h
change (ch).
40°–65°N, west of 110°W

40°–60°N, 90°–110°W

35°–60°N, 90°–75°W

35°–55°N, east of 75°W

MSLP (av)
LI (av)
GZ500 (ch)
SHO (av)
TROT (ch)
CLTOPZ (av)
DZ(500–1000 hPa) (av)
DZ0TRO
TROT (av)
DZ(500–1000) (ch)
North: 55°–65°N, all longitudes
LI (av)
SHO (av)
MSLP (mx)
CLTOPZ (av)
PW (mx)
SWEAT (av)
PRI
GZ500 (ch)
MSLP (ch)
TROT(ch)

PW (av)
MSLP (av)
SHO (av)
SWEAT (av)
GZ500 (av)
GZ500 (ch)
MSLP (ch)
TD700 (av)
PWU (mx)
TROP (av)
South: 35°–45°N, east of 100°W
SHO (av)
PW (av)
MSLP (av)
SWEAT (mx)
PWU (av)
DZ(500–1000) (ch)
GZ500 (ch)
GZ500 (av)
DZ(700–1000) (ch)
MSLP (ch)

SHO (av)
SWEAT (av)
PW (av)
MSLP (av)
TD850 (av)
DZ(700–850) (av)
GZ500 (mx)
DZ(500–1000) (av)
GZ500 (ch)
DZ(500–1000) (ch)
All: 1800–0300 UTC
SHO (av)
MSLP (av)
PW (av)
LI (av)
SWEAT (av)
GZ500 (ch)
GZ500 (av)
DZ0TRO (mx)
PWU (av)
DZ(500–1000) (ch)

MSLP (av)
SHO (av)
SWEAT (av)
GZ500 (ch)
DZ(700–1000) (ch)
DZ(500–1000) (ch)
MSLP (ch)
TD850 (ch)
PW (av)
DZ0TRO (mx)
All: 0600–1500 UTC
MSLP (av)
SHO (av)
MSLP (ch)
SWEAT (av)
PW (av)
GZ500 (ch)
DZ(500–1000) (av)
TT500 (av)
DZ(700–850) (av)
PWU (av)

0000 UTC GEM runs, and to 21–24 h for 1200 UTC
runs. In May 2004 the GEM grid resolution was increased to 15 km and the Kain–Fritsch convection parameterization (Kain and Fritsch 1993) was adopted.
After the changes, GEM output was interpolated to the
original 24-km development grid to run our models.
Figure 6 shows a 21–24-h forecast valid 0000 UTC

28 June 2003. Probability is color coded in 10% ranges.
Dark blue denotes areas where the forecast was unavailable. The color bar shows this color representing
⬍0% to ⫺10%. It also shows a 100%–110% range, but
the actual forecasts are 100%. Figures 7 and 8 show
forecasts and matching observations for the west and
east sections of Fig. 6, with overlap for continuity.

TABLE 4. Overall predictor rank for all trees.
Predictor

Rank

Predictor

Rank

Predictor

Rank

SHO (av)
MSLP (av)
PW (av)
SWEAT (av)
GZ500 (ch)
GZ500 (av)
DZ(500–1000) (ch)
MSLP (ch)
DZ(500–1000) (av)
LI (av)
PWU (av)
TROT (av)
DZ0TRO (mx)
TD700 (av)
DZ (700–850) (av)
DZ (700–1000) (ch)
TT500 (av)
TROT (ch)
TD850 (av)
DZ (700–850) (ch)
DZ (850–1000) (ch)

100
94.6
88.3
86.7
80.9
74.7
74.4
73.9
73.4
72.7
72.6
71.1
70.7
70.3
70.1
70.0
69.6
68.9
67.9
67.0
65.2

HE (av)
DZ0TRO (ch)
DZ (700–1000) (av)
TT500 (ch)
TT700 (av)
TT850 (ch)
CLTOPZ (av)
TT700 (ch)
DZ(850–1000) (mx)
HE (ch)
W700 (av)
TT850 (av)
PWU (ch)
PW (ch)
W700 (ch)
SWEAT (ch)
CAPE (av)
CAPE (ch)
PRI
CLTOPZ (ch)
THW (av)

64.9
59.5
59.1
58.9
57.6
57.6
56.2
56.1
54.8
54.2
53.8
51.7
49.7
48.2
48.2
45.3
45.0
44.9
44.9
41.2
40.0

TD700 (ch)
SI (av)
SHO (ch)
TDSFC (av)
LI (ch)
THW (ch)
TD850 (ch)
WUT (av)
TDSFC (ch)
SI (ch)
WUT (ch)
WUL (ch)
WUL (av)
VEGTYP
GEMLAT
CIN (ch)
GEMLON
CIN (mx)
LAW

38.2
38.2
37.9
37.9
37.8
36.3
35.7
35.1
33.3
31.7
29.7
23.1
22.6
9.7
6.5
5.5
4.8
4.0
1.4
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FIG. 6. The 21–24-h forecast, probability of lightning valid 2100 UTC 27 Jun–0000 UTC 28 Jun 2003.

Agreement between observed lightning and forecast
probability exceeding 25% is reasonably good; however, there are regions of multicell lightning activity
whose positions were not well forecast. The leading and
trailing edges of the frontal zone in the east of Fig. 8
were mostly well forecast. Large areas where lightning
was not observed were correctly forecast (0% contour
not shown).
For quantitative verification a forecast–observation
pair can be defined in several ways depending on approach. Simplest is point by point, where only the forecast–observation pair at the grid point is used. This is a
stringent verification approach that does not consider
neighboring forecasts. A relaxed verification approach
allows leeway in space and time by including neighboring grid points in an envelope  around a grid point and
allows neighboring envelopes to overlap. Then the observation and forecast are defined from a group of forecast–observation pairs and a single pair is used several
times because of overlap. While  can include neighboring points in both time and space, we shall restrict 
to a 100-km radius and do not consider forecasts in

neighboring time segments. Forecasts at a group of
neighboring grid points are often used in forecast applications to make a regional forecast. In a sense, relaxed verification mimics this process.
A common means for verifying probability forecasts
is the Brier score (Brier 1950):
B⫽

1
N

N

兺 共f ⫺ o 兲 ,
i⫽1

i

i

2

共2兲

where N is the number of grid points, fi is the forecast
probability of event occurrence, and oi is set to 1 if the
event occurred or 0 if it did not occur. The score is
bounded by 0 and 1, with 0 being a perfect score and 1
the worst score. Brier scores tend to be lower when the
variance of forecasts and observations is low compared
to when it is high. The Brier skill score is
SS ⫽

B c ⫺ Bf
,
Bc

共3兲

where Bf is the Brier score for a forecast and Bc is the
Brier score for an unskilled constant reference (or “cli-
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FIG. 7. 1) The 21–24-h forecast, probability of lightning in the west region of Fig. 6 valid 2100–2400
UTC 27 Jun 2003, and 2) the observed FRD for the same period: solid blue line, 25% probability
contour; solid dark red line, 75% probability contour; green crosses, grid points where occasional
lightning (categories 3–6) is observed during the valid period, and yellow green crosses, grid points where
frequent lightning (categories 7–11) is observed during the valid period.

mate”) forecast. Forecasts with a lower Brier score than
Bc have positive skill with respect to the reference forecast. Table 5 shows the fraction of grid points in Figs. 7
and 8 where lightning was observed, defined as the climate frequency (⌽ pday), for 27 June 2003 during the
period p ⫽ 2100–2400 UTC; shows Brier scores where
the forecast is defined as 1) fmax, the maximum probability of the forecasts in , 2) fmean, the mean probability of the forecasts in , and 3) a constant equal to ⌽pday;
and shows Brier skill scores for fmean and fmax with respect to ⌽pday. For both the western and eastern regions
the fmax forecasts have a lower Brier score and greater
positive skill than the fmean forecasts. It is better to
calculate Brier scores with a sample of forecasts from
many days since scores based on a single day can vary
considerably. We will return to this point later.
Other methods for verifying probability forecasts are
relative operating characteristic (ROC) curves and reliability curves (Stanski et al. 1989). ROC curves were
calculated by stratifying forecasts into 13 probability
bins: 0 to ⬍0.01, 0.01 to ⬍0.03, 0.03 to ⬍0.06, 0.06 to
⬍0.10, 0.10 to ⬍0.20, 0.20 to ⬍0.30, . . . , 0.90 to ⬍1, 1.
Figures 9a,c show ROC curves for all 21–24-h forecasts
issued at 0000 UTC July 2003 using fmean and fmax, re-

spectively, as the forecast. Kharin and Zwiers (2003)
define a ROC skill score as
SROC ⫽ 2AROC ⫺ 1,

共4兲

where AROC is the area under a ROC curve. In addition, AROC ⫽ 1 (SROC ⫽ 1) for perfect forecasts (no
false alarms), and AROC ⫽ 0.5 (SROC ⫽ 0) for forecasts
with equal false alarm and hit rates. The ROC curve lies
along the diagonal for an unskilled forecast and above
the diagonal for a skilled forecast. Interpretation of a
threshold AROC for useful forecasts depends on the
forecast. We found AROC ⫽ 0.75 (SROC ⫽ 0.5) is an
approximate threshold for good skill. Both forecasts in
Figs. 9a,c have AROC values near 0.8 (SROC near 0.6).
While this indicates good skill for the fmean and fmax
forecasts, significant differences are seen in the reliability curves in Figs. 9b,d. These are constructed with the
same data as the ROC curves and show observed frequency and event population for each forecast probability bin. A perfectly reliable forecast lies along the
diagonal line. Meanwhile, fmean underforecasts observed lightning frequency for probability up to about
0.8 then overforecasts observed frequency somewhat
for probability greater than 0.8, but the number of fmean
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FIG. 8. Same as in Fig. 7 but for the eastern region of Fig. 6.

forecasts above 0.8 was relatively small. In addition,
fmax underforecasts observed frequency when it is less
than 0.2 but greater than 0, forecasts observed frequency fairly well for fmax 0.2–0.4, and overforecasts
observed frequency when above 0.4. Bin populations
for fmax forecasts were more evenly distributed than for
fmean forecasts.
We use ⌽pmonth as the fraction of grid points over a
month where lightning was observed anywhere within 
in a 3-h period p. Figure 10 shows ⌽pmonth for May–
September 2003. There is considerable diurnal and
monthly variation. Maximum diurnal lightning occurrence is near 0000 UTC, while minimum occurrence is
near 1200 UTC. The least activity is in May and September; the greatest activity is in July. We used the
monthly frequencies in Fig. 10 as reference forecasts for
Brier skill scores.
The shape of the reliability curves for the fmean and
fmax forecasts in Figs. 9b,d were typical for times of
relatively greater lightning activity. At times of relatively
little lightning both the fmean and fmax mostly overforeTABLE 5. Brier scores and Brier skill scores for western (Fig. 7)
and eastern (Fig. 8) regions: column 1, ⌽pday; columns 2–4, Brier
scores for fmax, fmean, and ⌽pday; and columns 5 and 6, Brier skill
score of fmax and fmean with respect to ⌽pday.
Brier score for
Western
Eastern

⌽pday

fmax

0.362
0.329

0.140
0.184

Brier skill score for

fmean

⌽pday

fmax

fmean

0.258
0.209

0.231
0.221

0.395
0.165

⫺0.116
0.052

cast observed lightning frequency, but the fmean forecasts generally are closer to the reliability curve diagonal. Since both the fmean and fmax forecasts have
strengths and weaknesses but neither is satisfactory,
some combination of the two may give a forecast that
improves on accuracy and/or reliability in the same
sense that a forecast based on a model consensus approach (Vislocky and Fritsch 1995) can improve on the
accuracy of forecasts from different NWP models.
Viewing Figs. 9b,d, an intuitive approach that may improve on both forecasts is to use fmax when it is less than
0.4, and the average fmean and fmax when fmax is about
0.4–0.8. When fmax exceeds 0.8, there is no obvious approach, so some optimal combination should be found.
As a first guess, we simply extend the average of fmean
and fmax when fmax exceeds 0.8, leaving it at that since
our focus is on a methodology for creating forecast
models and basic verification. We define a hybrid forecast ( fhy) where
fhy ⫽ fmean

p
p
⌽ month
⬍ ⌽ thresh
:
p
p
⌽ month
ⱖ ⌽ thresh
:

fmax ⬍ 0.4,

fhy ⫽ fmax,

fmax ⱖ 0.4,

fhy ⫽

and

fmean ⫹ fmax
,
2
共5兲

where ⌽ pthresh is a threshold monthly climate frequency
defining the transition from a regime of relatively
greater lightning activity to one of relatively little activity, and is set by trial and error at 0.11. Figure 11
shows ROC and reliability curves for fhy forecasts de-
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FIG. 9. (a) ROC curve for fmean forecasts, (b) reliability curve for fmean forecasts, (c) ROC curve for
fmax forecasts, and (d) reliability curve for fmax forecasts for all 21–24-h forecasts issued at 0000 UTC for
Jul 2003 for the eastern region defined in Figs. 6 and 8. Upper bin boundaries are shown on ROC curves
where possible. Bin populations are shown on reliability curves.

fined from fmean and fmax forecasts in Fig. 9. The value
of AROC for the fhy forecasts in Fig. 11a is slightly higher
than for fmean and fmax. However, the reliability curve
for fhy runs generally closer to the diagonal than either
reliability curve in Figs. 9b,d, at least up to values of 0.9;
thus, a marked overall improvement has been made in
forecast reliability.
Figure 12 shows ROC and reliability curves for all
21–24-h fhy forecasts issued at 0000 UTC July 2004 for
the eastern region defined by Fig. 8. The result for

AROC is slightly greater than that for the 2003 forecasts
(Fig. 9). The reliability curve runs reasonably close to
the diagonal for forecast probabilities 0.1–0.9. This is a
rather good result overall.
Figure 13 shows monthly Brier skill scores for fmean,
fmax, and fhy forecasts issued at 0000 UTC in 2004 for all
projection times for the regions defined by Figs. 7 and
8. There is a diurnal trend in skill in most months, with
greatest skill for forecasts valid from about 2100 to 0600
UTC, which are times of relatively more lightning, and
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FIG. 10. Fraction of grid points reporting lightning in 3-h diurnal time segments ending in the hour
plotted on the abscissa, for May–Sep 2003. These define the climate frequencies ⌽pmonth for Brier scores.
Western and eastern regions defined in Figs. 7 and 8.

least skill for forecasts valid from about 0900 to 1800
UTC, which are times of relatively less lightning. This
may be due to a diurnal variation in the ability of the
GEM model to resolve the boundary layer. We see that
fhy shows positive skill at nearly all projection times in
both regions; fmean mainly shows small positive skill at
times of low lightning activity and small negative skill at

times of high activity; and fmax mainly shows large negative skill, though sometimes there is small positive skill
at times of high lightning activity. Skill does not appear
to decrease much as projection time increases.
Figure 14 shows monthly AROC values for 2004 fhy
forecasts. As expected, AROC shows a declining trend as
projection time increases: AROC is well above 0.75

FIG. 11. All 21–24-h fhy forecasts issued at 0000 UTC for Jul 2003 for the eastern region defined in Fig.
8: (a) ROC curve and (b) reliability curve. Most upper bin boundaries are shown on ROC curves. Bin
populations are shown on reliability curves.
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FIG. 12. Same as in Fig. 11 but for Jul 2004.

(SROC ⫽ 0.5) at nearly all projection times and is often
considerably greater than fmean and fmax forecasts.
There is evidence of a diurnal trend in AROC and a
tendency to be lower at times of minimal lightning.

4. Summary and conclusions
Tree-structured regression models for predicting the
probability of lightning in 3-h intervals for May–
September were built for a region covering southern
Canada and the northern United States using 6- and
12-h forecasts by the Canadian Meteorological Centre’s
GEM model pooled for the years 2000 and 2001. Archived GEM data were available in 6-h intervals and
was interpolated to 3-h intervals before predictors were
calculated. Many candidate predictors were used. Predictors ranked highest overall were the Showalter index, MSL pressure, and troposphere precipitable water.
The 3-h changes of 500-hPa geopotential height, 500–
1000-hPa thickness, and MSL pressure are predictors
representative of frontal motion, and were highly
ranked in many areas. CAPE is not included among the
10 highest ranked predictors, but has a middle rank.
Thus, CAPE must be used together with other predictors such as potential for lift and precipitable water to
determine whether convection will be sufficient to
cause lightning. The 3-h average of basic predictors was
far more important than the 3-h maximum (minimum
where appropriate), possibly since the predictand was
derived from 3-h total lightning.
Real-time forecasts were made in 3-h intervals to 45–
48 h in 2003 and 2004 at the CMC. The 2003 verification

suggests accuracy can be improved with a hybrid probability forecast based on a mixture of mean and maximum forecast probabilities in a 100-km radius around a
grid point and on monthly climatology. The 2004 verification showed the hybrid forecasts had positive skill
with respect to a reference climate forecast and performed better than forecasts defined by either the mean
or maximum probability at nearly all times. This result
was achieved, although an increase in the resolution
and a change in the convective parameterization
scheme were made to the GEM model in May 2004.
Our results demonstrate tree-structured regression is
a viable method for building statistical probability forecast models. The models successfully predict the probability of lightning in 3-h projection intervals to 45–48 h
with a level of accuracy good enough for regional forecasts. The forecasts are intended mainly for use in public forecast generation software at CMC although the
graphical form (Fig. 6) is being sent as an experimental
product to Canadian regional weather forecast offices
and forecast offices of several forestry agencies.
Lightning generally occurs where there is deep convection. We did not include a convective precipitation
forecast by the convective parameterization scheme in
the GEM model as a predictor because it was archived
in 6-h intervals. However, several predictors related to
deep convection location were included, such as CAPE,
convective inhibition, the Showalter and lifted indices,
troposphere precipitable water, and 700-hPa vertical
motion. The tree-structured regression algorithm will
use these in various combinations in places where it
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FIG. 13. Monthly Brier skill scores for 2004 forecasts for 3-h projection times from 0–3 to 45–48 h ending in the
time shown on the abscissa for the western and eastern regions defined in Figs. 7 and 8. The fmean curves are
denoted by Mn, fmax curves by Mx, and fhy curves by Hy.

might instead have used convective precipitation. However, convective parameterization schemes in NWP
models do not always forecast deep convection when
and where it occurs. Assimilation of lightning data into
NWP models to nudge convective schemes to position

convection in the right place and to correct latent heat
and moisture profiles is a topic of considerable current
research. It is likely that statistical models will be necessary for some time to come for forecasting large-scale
lightning occurrence. CMC now archives more GEM
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FIG. 14. Monthly AROC values for 2004 fhy forecasts for projection
times in 3-h time segments ending in hour shown on abscissa.

model output fields and at better time and space resolutions than were available to us. This will allow for
improved forecast accuracy with future statistical models.
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