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ABSTRACT

Understanding and forecasting tropical cyclone (TC) intensity change continues to be a paramount chal-

lenge for the research and operational communities, partly because of inherent systematic biases contained in

model guidance, which can be difficult to diagnose. The purpose of this paper is to present amethod to identify

such systematic biases by comparing forecasts characterized by large intensity errors with analog forecasts

that exhibit small intensity errors. The methodology is applied to the 2015 version of the Hurricane Weather

Research and Forecasting (HWRF)Model retrospective forecasts in the North Atlantic (NATL) and eastern

North Pacific (EPAC) basins during 2011–14. Forecasts with large 24-h intensity errors are defined to be in the

top 15% of all cases in the distribution that underforecast intensity. These forecasts are compared to analog

forecasts taken from the bottom 50% of the error distribution. Analog forecasts are identified by finding the

case that has 0–24-h intensity and wind shearmagnitude time series that are similar to the large intensity error

forecasts. Composite differences of the large and small intensity error forecasts reveal that the EPAC large

error forecasts have weaker reflectivity and vertical motion near the TC inner core from 3 h onward. Results

over the NATL are less clear, with the significant differences between the large and small error forecasts

occurring radially outward from the TC core. Though applied to TCs, this analogmethodology could be useful

for diagnosing systematic model biases in other applications.

1. Introduction

Tropical cyclone (TC) intensity forecasting remains a

vexing challenge as a result of the multiscale nature of

the processes that affect TC intensity change and an

incomplete understanding of how these factors interact.

Statistical–dynamical models such as the Statistical

Hurricane Intensity Prediction System (DeMaria et al.

2005) highlight the importance of large-scale environ-

mental factors on TC intensity change, such as vertical

wind shear, midlevel moisture, and upper-level di-

vergence. Moreover, Hendricks et al. (2010) suggested

that intensification rates may be controlled by smaller-

scale processes, assuming that favorable large-scale en-

vironmental conditions exist. Indeed, several studies

have discussed the importance of symmetric inner-core

deep convection in intensifying TCs. Jiang (2012)

found a statistically significant relationship between

the intensity of inner-core convection as measured by

11 years’ worth of TRMM data and TC intensification

rates. Rogers et al. (2013) used airborne Doppler radar

data to examine the structural differences between in-

tensifying and steady-state TCs. They determined that

intensifying (steady state) TCs are characterized by

convective bursts that are preferentially located within

(outside) the radius of maximum wind (RMW). Fur-

thermore, intensifying TCs were found to exhibit

deeper, stronger inflow layers and stronger upward

motion in the eyewall. More recently, Rogers et al.

(2016) conducted a case study of Hurricane Edouard

(2014) and compared a time period of intensification

to the period of peak intensity. The period of in-

tensification was marked by deep convection at radii

closer to the TC center, stronger low-level conver-

gence, and greater CAPE compared to the peak

intensity period.

Despite these gains in knowledge, operational TC

intensity forecast skill has shown small incremental im-

provement over the past two decades, particularly

for ,48h, despite notable improvements in TC track
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forecasting (NHC 2016). Improvements in TC fore-

casting are generally attributed to better operational

statistical and/or dynamical forecast guidance products

being available to forecasters. (Rappaport et al. 2012).

The Hurricane Weather Research and Forecasting

(HWRF) Model (Tallapragada et al. 2016) has become

one of the primary TC intensity forecast guidance

sources for the operational community. Like all guid-

ance products, it can exhibit large intensity forecast er-

rors. Numerous studies have been conducted using

HWRF (e.g., Gopalakrishnan et al. 2011, 2012; Bao et al.

2012; Gopalakrishnan et al. 2013; Tallapragada et al.

2014; Chen andGopalakrishnan 2015; Zhang andMarks

2015) to examine the impact of various parameteriza-

tions on intensity forecast errors and predictability.

While numerous, these studies typically involve either

idealized studies or real-data studies applied to a limited

number of cases; therefore, the results may not be gen-

erally applicable to larger sets of cases.

The goal of this study is to introduce a methodology

for diagnosing the potential mechanisms associated with

large intensity forecast errors. Given its prominence in

the literature, the emphasis of this paper is on in-

vestigating whether differences in the intensity of con-

vection in HWRF are related to large forecast intensity

errors. Systematic biases are obtained by comparing

composites of forecasts with large errors with a set of

analog forecasts that exhibit a similar intensity and shear

magnitude evolution, but which are associated with

small intensity forecast errors. These comparisons are

conducted within a shear-relative reference framework

to preserve the structural asymmetries that typically

are observed for TCs in shear. For example, increased

(decreased) convection typically is observed in the

downshear (upshear) quadrants of TCs (e.g., Corbosiero

andMolinari 2002, 2003; Reasor et al. 2013; DeHart et al.

2014; Hazelton et al. 2015; Rios-Berrios et al. 2016a,b).

This approach will yield more meaningful results

when a large database of forecasts with the same model

configuration is available; here, the 2015 configuration of

HWRF is used. In many ways, this approach is similar to

other studies that have demonstrated the use of refor-

ecast datasets in bias correction and model diagnostics

(e.g., Hamill et al. 2004, 2006, 2013; Hamill andWhitaker

2006; Galarneau and Hamill 2015). While applying these

results to a real-time intensity guidance productmay be of

interest and utility, it is beyond the scope of this paper.

Here, the main goal is to present the analog framework.

Ideally, model developers will find utility in applying this

methodology to identifying model biases.

The remainder of the paper is structured as follows.

Section 2 describes the composite analog comparison

methodology. Section 3 discusses the application of the

methodology to reforecasts of the 2015 HWRF over the

North Atlantic (NATL) and eastern North Pacific

(EPAC) basins. A summary and conclusions are pro-

vided in section 4.

2. Methodology

Forecast performance is evaluated for the 2015

configuration of HWRF (H215; Tallapragada et al.

2016). Prior to the start of the 2015 hurricane season,

reforecasts of all 2011–14 TCs were generated from the

2015 model configuration, which provided a set

of .900 initialization times for each of the NATL and

EPAC basins. The forecasts were separated by basin

because of the differences in climatological shear, TC

size, and HWRF configuration. The focus of this paper

is on 24-h intensity forecast errors because that is a

time period where intensity forecast errors have ex-

hibited minimal change over time (NHC 2016) and

where it is likely that improvements to the model, in-

cluding the initial conditions, can result in more accu-

rate intensity forecasts before large-scale model biases

may become dominant. It is worth pointing out that this

approach could theoretically be applied to intensity

forecasts at any lead time.

All intensity forecasts were verified against National

Hurricane Center best-track data (Jarvinen et al. 1984;

McAdie et al. 2009). The cumulative distribution of all

24-h intensity forecast errors for each basin is presented

in Figs. 1a and 1b. Over the EPAC, 66% of H215 fore-

casts underintensified the TC compared to the best track

(i.e., negative intensity forecast errors), where the errors

range from 264 kt (i.e., the model forecast is 64 kt

weaker than observed; 1 kt 5 0.51ms21) to 137kt,

which suggests that the larger-magnitude errors are

overwhelming negative errors. Moreover, 0.5% of the

forecasts overintensify the TC by at least 25 kt, while 9%

of the forecasts underintensify the TC by more than

25kt. This result may be due to the inability of HWRF to

capture the large number of rapid intensification (RI)

events within this basin during the 2011–14 reforecast

period. For the NATL, 56% of the forecasts exhibit

underintensification. The larger magnitude errors also

are negative errors over the NATL, ranging from 241

to 130kt, while 0.9% (3.5%) of forecasts overintensify

(underintensify) the TC by at least 25 kt.

To narrow the focus of the present study and to test

the usefulness of the analog methodology, a subset of

forecasts were selected. First, all forecasts within 50 km

of land during the 0–24-h forecast period were removed

to ensure that intensity errors were not due to land

interaction. The forecasts in the top 15% of the 24-h

intensity (VMAX) mean absolute error distribution
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were considered the ‘‘bad’’ forecasts (N 5 98 over the

EPAC; N 5 92 over the NATL). For each bad

forecast, a potential analog forecast is selected from a

pool of ‘‘good’’ forecasts in the bottom 50% of the 24-h

VMAX mean absolute error distribution (N 5 437

over the EPAC; N 5 396 over the NATL). These

percentiles are somewhat arbitrary, but were neces-

sary to produce a sufficient sample size to identify a

suitable analog.

Additional filtering criteria are also employed to

remove situations that are associated with large errors, but

are outside the scope of this study. All forecasts that occur

during rapid intensity changes [630kt (24h)21] in the best

track were removed. This reduced the sample size to 42

(68) bad and 389 (388) good forecasts over the EPAC

(NATL). The large reduction in cases, especially over the

EPAC, indicates thatmany of the bad forecasts were cases

where H215 failed to capture rapid intensity changes.

While these cases are important to understand, it is well

known that models have difficulty predicting RI (e.g.,

Gopalakrishnan et al. 2011; Chen and Gopalakrishnan

2015). Indeed, the focus here is on non-RI cases, which

might be expected to exhibit smaller errors. Finally, TCs

that move over SSTs , 25.58C during the 0–24-h forecast

period also are removed. This criterion removed cases

characterized by track errors that yielded intensity differ-

ences when the TC moves over the strong EPAC SST

gradient, yielding a sample size of 28 (66) bad and 236

(276) good forecasts for the EPAC (NATL). Moreover,

this criterion also provides an objective method of re-

moving cases where TCs may be undergoing extratropical

transition in the NATL—a process that contains tim-

ing uncertainties and subjectivity in identification (e.g.,

Zarzycki et al. 2016). Cumulative distribution functions

FIG. 1. CDF of the 24-h VMAX error for (a) all H215 forecasts over the EPAC, (b) all H215 forecasts over the

NATL, (c) the final set of bad forecasts over the EPAC, and (d) the final set of bad forecasts over the NATL.
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(CDFs) of the 24-h intensity error indicate that nearly

90% (65%) of the remaining EPAC (NATL) bad fore-

casts are cases where HWRF underintensifies the TC

compared to the best track (Figs. 1c,d). As a conse-

quence, the focus of this study is on these forecasts.

It is also desirable to compare each bad forecast to a

good forecast with some similar characteristics to help

identify any systematic differences between the two. This

analog good forecast should have a best-track intensity

time series that is similar to those of the bad forecasts;

otherwise, it is possible that the composite differenceswill

mainly reflect intensity differences. In addition, the ana-

log forecast should have a similar shear evolution since

shear magnitude is a strong intensity predictor (e.g.,

DeMaria et al. 2005; DeMaria 2009). As a consequence, a

cost function was developed to identify the best analog

for each bad forecast, which is defined as

J
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, (1)

where VMAX refers to the best-track maximum wind

speed; i and k denote the index for bad and good cases,

respectively; t refers to lead time; SHEAR denotes the

magnitude of vertical wind shear; s is the standard de-

viation of that quantity over all cases, which is used to

create an equivalent weight between these two metrics;

the subscript bad refers to a particular bad forecast; and

the subscript good refers to the set of HWRF forecasts

in the bottom 50% of the 24-h VMAX error distribution

(i.e., the pool of potential analog forecasts). For each

bad forecast, its analog good forecast is the case that

minimizes J. To ensure similarity between bad and an-

alog good cases, the bad forecast’s analog had to have

J , 6 to be included in the composite analysis. This

seemingly arbitrary threshold was selected to remove

bad forecasts that did not have any good analogs while

ensuring a sufficient sample size is available to conduct

this analysis. Here, J 5 6 corresponds to an average

difference in VMAX and SHEAR of 6.5 kt at each 6-h

time step. Figure 2 shows the contributions of each

component to the total cost function. In both basins, the

shear differences between the bad and analog forecasts

generally contribute more to the cost function than do

VMAX differences, implying that it is more difficult to

match the time evolution of shear magnitude compared

to maximum wind speed.

The final sample size of forecasts for the EPAC

(NATL) basin is 26 (30). Figure 3 shows the best-track

VMAXand SHIPS shear magnitude time series for each

forecast included in the composite analysis, with one

random bad–analog pair set in bold. The TCs span a

wide range of intensities over both basins, fromminimal

TCs to category 4 hurricanes. The shear magnitude

values are mainly in the 0–15-kt (5–20kt) range for the

EPAC (NATL), which is low-to-moderate shear (e.g.,

Rios-Berrios and Torn 2017).

In addition to VMAX, the RMW can be another

important metric for determining the structure

of a TC. To determine the sensitivity of the analog

methodology and the composite results to consider-

ation of TC size, the above process was repeated

using a cost function similar to Eq. (1) that includes

the RMW:

FIG. 2. The VMAX vs shear difference contributions to the analog cost function expressed in normalized units for

(a) EPAC and (b) NATL forecasts.
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This cost function yields a final sample size of 26 (29)

forecasts for the EPAC (NATL) basin. It is worth

noting that 65% (50%) of the bad and analog cases

identified in the EPAC (NATL) basin using Eq. (2)

(i.e., with RMW included the cost function) were also

identified using Eq. (1) (i.e., without RMW included in

the cost function). Composites of the cases identified in

both cost functions are provided in section 3 to illus-

trate the sensitivity to including RMW in the cost

function.

3. Results

Recall that the bad forecasts are characterized by the

HWRF forecasts being too weak relative to the best

track. One hypothesis is that the bad forecasts have

weaker inner-core convection compared to the analog

forecasts, which in turn yields weaker TCs. Further, it is

hypothesized that weaker surface fluxes may lead to the

lack of inner-core convection. This hypothesis is tested

by computing the normalized difference (e.g., Torn et al.

2015; Lamberson et al. 2016) for convection-related

FIG. 3. Best-track intensity time series of the analog good and bad forecasts for the (a) EPAC and (b) NATL

basins. SHIPS shear magnitude time series of the analog good and bad forecasts for the (c) EPAC and (d) NATL

basins. Bold lines denote a randomly selected bad and good analog pair.
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fields between bad and analog forecasts. Lamberson

et al. (2016) provide justification for the use of normal-

ized differences, including straightforward comparisons

of the differences between the two subsets of forecasts

across fields, space, and time. In all cases, these normal-

ized differences are constructed within a 200–850-hPa

shear-relative reference frame to preserve structural

asymmetries. The radius–height plots (e.g., Fig. 4b) are

averaged around a particular azimuth range. The statis-

tical significance of the difference is evaluated using

bootstrap resampling (5000 random resamples of all cases

at the 95% confidence interval).

a. Eastern North Pacific

The focus of the present study is on bad forecasts

where HWRF underintensifies TCs, and the analog

forecasts have similar best-track intensity time series

to the bad forecasts. Thus, it is expected that the

composite differences in fields related to intensity

should be small at 0 h, but the bad forecast composite

should be weaker than the analog composite by 24 h.

At 0 h, there are only small areas of statistically sig-

nificant differences in MSLP, 850-hPa relative vor-

ticity, and radial and tangential wind speeds (Fig. 4);

FIG. 4. Normalized composite difference in 0-h (a) MSLP (hPa), (b) axisymmetric absolute vorticity (1025 s21),

(c) tangential wind (m s21), and (d) radial wind (m s21) between the bad forecasts and analog good forecasts within

the EPAC basin (shading). Cool (warm) colors denote areas where the bad forecasts had smaller (larger) values of

the field analyzed. Stippled regions denote where the difference is statistically significant at the 95% confidence

interval. Black contours denote the composite bad forecast values. For (a), the differences are computed in a ref-

erence frame relative to the 200–850-hPa shear vector, where the shear is oriented toward the top of the page, and

the gray lines denote range rings from the TC center (km).
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FIG. 5. As in Fig. 4, but for 24 h. Depicted are the (e) axisymmetric reflectivity (dBZ) and (f) pressure vertical

velocity (Pa s21).
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however, more substantive differences, mainly within

100 km of the TC center, are present by 24 h (Fig. 5).

The bad forecasts exhibit higher MSLP and smaller

850-hPa absolute vorticity. The tangential wind

speeds are also weaker near the TC core for the bad

forecasts, and the radial wind profile suggests the bad

forecasts have a weaker secondary circulation. In ad-

dition, the bad forecasts contain weaker inner-core

convection as indicated by the reflectivity and pres-

sure vertical velocity v fields. As a consequence, the

remainder of this subsection is devoted to examining

select physically relevant variables to investigate the

hypothesis that the cause of the divergence between

bad and analog forecasts during the first 24 h is due to

inner-core convection.

A time evolution of reflectivity (Fig. 6) indicates that

the weaker inner-core convection in the bad forecasts is

present for much of the forecast period throughout the

entire depth of the troposphere.1 The largest axisym-

metric differences initially occur at 50-km radius in the

300–500-hPa layer, implying that convection in the bad

forecasts does not reach as high in the troposphere near

the core. Over time, the differences become more

pronounced and extend closer to the surface. In addi-

tion, the weaker convection in the bad forecasts ex-

tends outward to 200-km radius above 300 hPa by 12 h,

FIG. 6. Normalized composite differences of azimuthally averaged reflectivity at (a) 3, (b) 6, (c) 9, and (d) 12 h

(shading) for EPAC forecasts. The contours denote the composite bad forecast values (dBZ). Stippled regions

denote where the difference is statistically significant at the 95% confidence interval.

1 This field is first available at 3 h.
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implying that the convection also is not as deep outside

of the TC core.

An examination of the reflectivity profiles in various

shear-relative quadrants reveals that at 3 h, significant

differences exist in all quadrants above 500 hPa, but

mainly extend closer to the surface in the upshear

quadrants, especially upshear left (not shown). By 6 h,

the largest magnitude and area of significant differ-

ences exists in the downshear-right quadrant, suggest-

ing that the bad forecasts exhibit weaker convection in

the quadrant that might be expected to have the most

active convection (e.g., Corbosiero and Molinari 2002,

2003; Reasor et al. 2013; DeHart et al. 2014; Hazelton

et al. 2015; Rios-Berrios et al. 2016a,b). Significant

differences in the downshear-left quadrant indicate

that the mature convection also is weaker in the bad

forecasts (not shown). The differences in reflectivity

become more homogeneous across all quadrants by

12 h, similar to Fig. 6d.

Quadrant and axisymmetric averaging can mask

differences associated with individual updrafts;

therefore, to gain a better understanding of the dis-

tribution of the convection near the inner core,

reflectivity differences also are shown in the form of

contoured frequency by altitude diagrams [CFADs;

Yuter and Houze (1995); DeHart et al. (2014)]. The

shading indicates the percentage change in a particular

reflectivity–height bin for the bad forecasts relative to

the analog forecasts. To isolate the inner core, only

data at radii within 2 3 RMW2 are included. Figure 7

shows that the bad forecasts generally have greater

FIG. 7. CFADs of percentage differences in reflectivity (shaded) at (a) 3, (b) 6, (c) 9, and (d) 12 h for EPAC

forecasts. Cool (warm) colors denote areas where the bad forecasts had fewer (greater) counts of reflectivity

compared to the analog forecasts. Black contours denote the CFAD counts of the composite bad forecast. Only

data within 2 3 RMW of the center are included.

2 The average RMW of TCs at each time period is used.
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counts of reflectivity values less than 30 dBZ at and

below 500 hPa, implying that convection in the bad

forecasts is weaker and shallower compared to the

analog forecasts. Meanwhile, the bad forecasts have

fewer counts of reflectivity greater than 35 dBZ at all

levels, confirming that the convection is weaker in the

bad forecasts. Above 300 hPa, the bad forecasts have

fewer counts at nearly all reflectivity bins, suggesting

that the convection in the bad forecasts is also shal-

lower compared to the analog forecasts. These results

suggest that the bad forecasts have less vigorous con-

vection, which may result in weaker latent heat release

and vortex stretching. This result is consistent with

the observational study of Reasor et al. (2013), who

found that TC intensification typically occurs when

deep convection is found near the TC core, within

the RMW.

Vertical profiles of v present a similar picture

(Fig. 8). There are significant differences in inner-core

vertical velocity as early as 3 h (first time that this field

is available), but they are confined to the upper levels.

Bad forecasts exhibit weaker upward motion above

300 hPa between 3 and 9 h, again suggesting that the

convection is shallower in the bad forecasts. By 12 h,

the weaker upward motion in the bad forecasts ex-

tends to the surface, presumably because the bad

forecasts become considerably weaker overall than

the analog forecasts at this point. CFAD differences

also were constructed for v (Fig. 9). Again, only data

within 2 3 RMW are included to highlight inner-core

differences. At 3h, the bad forecasts exhibit fewer

counts of stronger updrafts in the mid- to upper

levels, consistent with the vertical profiles of mean v.

However, it is interesting to note that the bad forecasts

FIG. 8. As in Fig. 6, but for pressure vertical velocity (Pa s21).
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have more weak updrafts compared to the analog fore-

casts. Bad forecasts also have more strong downdrafts,

except in the 600–450-hPa layer. Over time, the bad

forecasts exhibit fewer updrafts of all magnitudes at

most levels compared to the analog forecasts. Mean-

while, the bad forecasts have more strong downdrafts,

especially below 700hPa and in the 200–300-hPa layer.

This too suggests that convection is overall weaker and

shallower in the bad forecasts, potentially resulting in

the observed HWRF underintensification. Since the

reflectivity and vertical velocity fields are available be-

ginning at 3 h, it is not known whether these differences

exist at the initial time or if they are a result of other

structural differences that are present in the model ini-

tial conditions. Therefore, it is also unclear whether the

weaker upper-level outflow (Fig. 4d) at 0 h in the bad

forecasts is a causal or associative factor of the weaker

updrafts in the bad forecasts at 3 h.

Another critical factor in the maintenance and in-

tensification of TCs is the surface latent heat flux from

the ocean. Weaker surface fluxes yield a near-surface

environment less favorable for intensification. Indeed,

the bad forecasts exhibit significantly weaker fluxes,

especially on the right-of-shear side of the TC at 3 h;

however, these differences become largely insignificant

over time (Fig. 10). Nevertheless, the weaker surface

latent heat fluxes early in the forecast cycle suggest that

the near-surface temperature and moisture fields may

not be as conducive for extracting energy from the ocean

and hence intensification in the bad forecasts. Azi-

muthally averaged vertical profiles of equivalent po-

tential temperature ue (Fig. 11) therefore may provide

insight regarding why the bad forecasts have smaller

near-surface wind speeds but statistically equivalent

surface latent heat fluxes. Small near-surface ue in the

bad forecasts would suggest that the convection is less

buoyant, but the thermal disequilibrium is larger.

FIG. 9. As in Fig. 7, but for pressure vertical velocity (Pa s21).
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Indeed, beginning at the initial time, the bad forecasts

exhibit significantly smaller values of ue near the surface.

This difference persists such that by 24h, the lower-ue air

has been advected by the radial inflow into the TC core.

Thus, we hypothesize that the lower-ue air combined

with the smaller surface latent heat fluxes in the bad

forecasts cause the bad forecasts to exhibit less buoy-

ancy, yielding shallower convection and hence weaker

TCs in the forecast. This hypothesis is supported by

composite CAPE differences (Fig. 12) that show the bad

forecasts exhibiting significantly less CAPE near the

TC center at 0 and 6 h. This difference shifts outward to

100–200 km from the TC center at 12 and 24 h. Fre-

quency percentage change plots of CAPE (similar to

CFADs but for only one vertical level) also confirm

that the bad (analog) forecasts exhibit larger frequen-

cies of CAPE values from 0 to ;1200 J kg21 (from

;1200 to 3600 J kg21) at 0–24 h (Fig. 13). At 6, 12, and

24 h, the bad forecasts exhibit more frequent values

of CAPE . 3600 J kg21, but the sample size in these

FIG. 10. As in Fig. 4a, but for surface latent heat flux (W m22) at (a) 3, (b) 6, (c) 9, and (d) 12 h.
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FIG. 11. As in Fig. 6, but for equivalent potential temperature (K) at (a) 0, (b) 3, (c) 6, (d) 9, (e) 12, and (f) 24 h.
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CAPE bins are orders of magnitude smaller than at

CAPE bins , ;3000 J kg21.

As noted in section 2, composites were also created

using a cost function that included RMW; overall, the

results show little sensitivity to this choice. Figures 14

and 15 are quite similar to Figs. 4 and 5, respectively.

Overall, there are few if any significant differences be-

tween the bad and analog cases in the TC intensity

metrics at 0 h (Fig. 14). However, by 24h (Fig. 15), the

bad forecasts are significantly weaker in terms of both

intensity metrics and convection. Furthermore, the

surface latent heat flux differences between the two cost

functions at 12 and 24h exhibit few differences (Fig. 16);

the bad forecasts have weaker flux values near and up-

shear of the TC center. The evolutions of the differences

in CAPE also are similar for both cost functions

FIG. 12. As in Fig. 4a, but for CAPE (J kg21) at (a) 0, (b) 6, (c) 12, and (d) 24 h.
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(Fig. 17), with the bad cases exhibiting smaller CAPE

values upshear of the TC center at 0 h, then downshear

and right of shear at 12 and 24h. Given these similarities,

it appears that the results are not sensitive to including

RMW in the cost function; therefore, the remainder of

the paper utilizes the cost function without RMW [i.e.,

Eq. (1)].

b. North Atlantic

Given the relatively clear differences between the bad

and analog good forecasts in the EPAC, it might be

expected that bad forecasts over the NATL were also

characterized by weaker convection and weaker

surface fluxes relative to their analogs. As a conse-

quence, the same atmospheric variables were examined

for the NATL forecasts.

As in the EPAC, it is expected that the 0-h fields re-

lated to TC intensity (Fig. 18) are similar between the

bad and analog forecasts. However, unlike for the

EPAC, the NATL bad forecasts exhibit significantly

weaker absolute vorticity below 500hPa between 50-

and –150-km radius. In addition, the tangential wind

speed also is weaker in the bad forecasts below 600hPa

at radii. 125 km, with insignificant differences near the

RMW. The secondary circulation also appears weaker

for the NATL bad forecasts.

The composite differences over the NATL are quite

different compared with those for the EPAC at 24h

(Fig. 19). One striking difference is that, unlike the

EPAC, the bulk of the significant differences between

NATL bad and analog forecasts occur at larger radii.

For example, the bad forecasts exhibit statistically

FIG. 13. Frequency percentage difference between the bad and analog good forecast CAPE within 4500-km

radius in the EPAC basin at (a) 0, (b) 6, (c) 12, and (d) 24 h. Sample size of all cases in each fifth bin is provided to

show the decreased sample at the largest CAPE values.
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higher MSLP values than the analog forecasts ap-

proximately 100–300 km from the TC center. The bad

forecasts are also weaker in terms of 10-m tangential

wind beyond 75-km radii. These results suggest that the

bad forecasts are smaller in size than the analog fore-

casts. Indeed, the mean best-track radius of the outer

closed isobar (ROCI) of the bad forecasts is 95 km

(22%) smaller than the mean ROCI of the analog

forecasts. This difference is statistically significant at

the 97% confidence level according to a Wilcoxon

rank-sum test (Wilks 2011). In contrast, the mean

ROCIs for the bad and analog forecasts over the EPAC

were within 4 km (not significantly different). There-

fore, some of the differences in structure noted away

from the core in the NATL cases may be due primarily

to differences in TC size. Despite the differences in TC

size as measured by ROCI, the analog cost function

that included RMW [i.e., Eq. (2)] depicted similar re-

sults to those presented in Figs. 18 and 19. That is, the

significant differences between bad and analog fore-

casts occurred primarily outside of the RMW.

Weaker convection in the bad forecasts may be contrib-

uting to the underintensification in this basin as well; how-

ever, it appears that the differences are not maximized in

the inner core (Fig. 20). In fact, the reflectivity differences

are rather inconsistent as a function of lead time. For ex-

ample, the bad forecasts have significantly smaller re-

flectivity above 200hPa between 100 and 300km at 3h.

These differences extend downward toward the surface at

6h, thenoutward to 300–500-km radius by 12h. It is possible

that these inconsistencies result from differing positions of

outer rainbands in the various TCs. Regardless, the results

are consistent with the bad forecasts being smaller TCs (i.e.,

weaker winds at larger radii).

FIG. 14. As in Fig. 4, but for cases with RMW included in the cost function.
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FIG. 15. As in Fig. 5, but for cases with RMW included in the cost function.
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An inspection of the reflectivity profiles by quadrant

does not provide much clarification. One consistent

difference, however, is significantly weaker reflectivity

in the downshear-right quadrant of bad forecasts be-

tween 250- and 400-km radius. These differences are

primarily confined to above 400hPa at 3 and 6h, but

extend throughout the depth of the troposphere at 9 and

12 h (not shown). As in the EPAC, this result suggests

that convection is shallower in the bad forecasts in the

quadrant where convective initiation should be taking

place. By contrast, the significant differences in the

NATL occur at larger radii than the EPAC. The dif-

ferences in other quadrants were less consistent

(not shown).

Given that the region of significant differences is be-

yond theRMW,CFADdifferences were constructed for

the radius range from 2 3 RMW to 500km to highlight

the areas of significant differences (Fig. 21). With the

FIG. 16. As in Fig. 10, but comparing cases (right) with and (left) without RMW included in the cost function at

12 and 24 h.
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FIG. 17. As in Fig. 12, but comparing cases (right) with and (left) without RMW included in

the cost function at 0, 12, and 24 h.
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exception of reflectivities weaker than 10dBZ below

500hPa, the bad forecasts have fewer reflectivity counts

in all reflectivity–height bins (Fig. 21). Differences are

greatest above 200 hPa and for reflectivities . 35dBZ,

implying that the bad forecasts have shallower and

weaker convection than their analogs.

The bad forecasts also exhibit smaller surface latent

heat flux values compared to the analog forecasts, es-

pecially on the right-of-shear side at radii . 200 km

(Fig. 22). Compared to the EPAC, the differences are

not as expansive in area, but they are persistent in time.

Despite the overall contrast in results between the

basins, the NATL ue vertical profiles (Fig. 23) show that

significantly lower-ue air is present near the surface in

the bad forecasts, similar to the EPAC forecasts. Also,

unlike the other NATL results, which show significant

differences occurring outside of the TC core, the bad

forecasts over the NATL have lower-ue air near the

surface and in the TC core up to 400hPa at 0 h. These

structural differences persist throughout the 24-h

forecast period.

Overall, the NATL results are less clear than those

of the EPAC. While some similar characteristics are

observed (e.g., weaker reflectivity and smaller near-

surface ue values in the bad forecasts), the significant

differences in the NATL forecasts generally occur away

from the TC core. Such differences likely are present

because the bad forecasts are associated with signifi-

cantly smaller TCs. A more homogeneous set of TC

sizes may be required to yield more concrete results;

however, this might not be possible without an even

larger set of retrospective forecasts.

Finally, the potential impact of forecast track errors

on the results is considered. Large errors in forecast

FIG. 18. As in Fig. 4, but for the NATL basin.
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FIG. 19. As in Fig. 5, but for the NATL basin.
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track could lead to errors in forecast SST, which could

be a causal factor in the underintensification present in

the bad forecasts. Thus, the 24-h track and SST forecast

errors were computed for all cases. In both basins, the

difference in the means of the forecast track and SST

errors between the bad and analog forecasts were statis-

tically indistinguishable. In addition, the average paired

difference in 24-h SST errors between the bad and analog

forecasts was less than 0.058C in both basins. The paired

difference of the absolute value of the 24-h SST errors

was 0.768C (0.518C) for the EPAC (NATL) basin. This

result suggests that these differences are small enough, so

that they are not responsible for the large under-

intensification errors present in the bad forecasts.

c. Role of model initialization

One common result among the basins is the presence

of lower-ue air near the surface at 0 h for the bad

forecasts. This difference could yield the weaker bad

forecasts at 24 h. In an attempt to determine the cause of

the ue differences, we investigate whether they are in-

troduced as a result of the H215 vortex initialization/

correction procedure (Tallapragada et al. 2016).

The H215 analysis fields begin with the 6-h forecast

from the previous model cycle and are adjusted

according to the vortex initialization/correction pro-

cedure. Therefore, it is possible to isolate the adjust-

ments made by the vortex initialization procedure by

examining the difference between the model analysis

field and the 6-h forecast from the previous cycle.

We create composite difference plots similar those in

the previous subsections, but now examine differences

between the analysis and 6-h forecast from the previous

cycle for the bad and analog forecasts. Results indicate

that the analysis fields exhibit lower ue values near the

surface compared to the 6-h forecast from the previous

FIG. 20. As in Fig. 6, but for the NATL basin.
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cycle over both basins (not shown). However, this result

is valid for both bad and analog forecasts. Thus, to de-

termine if the bad forecasts have significantly lower-ue
air in the analysis compared to the analog forecasts, we

subtract the analog differences from the bad differences,

to create the difference of the differences between the

analysis and 6-h forecast from the previous cycle.

Figure 24 shows that there is a small area near the sur-

face where the difference between the analysis and 6-h

forecast from the previous cycle is significantly greater

for the bad forecasts than the analog forecasts in terms

of ue and specific humidity. The analyses have lower ue
and specific humidity than the 6-h forecasts from the

previous cycle. This result is valid for both basins,

but the significant differences are found at large radii

(350–500km) over the EPAC, and closer to the TC core

(50–200km) over the NATL. However, given the rela-

tively small area of significant differences, it is unlikely

that the vortex initialization/correction procedure alone

is responsible for the smaller ue in the bad forecasts

described previously.

4. Summary and conclusions

This paper presented a methodology for diagnosing

conditions associated with large tropical cyclone fore-

cast intensity errors and applied it to a set of reforecasts

using the 2015 HWRF configuration. Large error (i.e.,

‘‘bad’’) forecasts were identified and compared to

smaller error forecasts that exhibit a similar evolution of

intensity and shear magnitude in the best-track and

SHIPS analyses, respectively (i.e., ‘‘analog’’ forecasts).

Comparing composites of bad and analog forecasts can

assist in identifying the systematic conditions associated

with large forecast errors.

Identifying analog forecasts by minimizing a cost

function that only included TC intensity and shear

magnitude appears to be appropriate for 24-h forecasts;

results showed little sensitivity to including the radius of

maximum wind in the cost function. However, it is

possible that extending this methodology to longer-term

forecasts might require incorporating more environ-

ment and structure metrics into the cost function to

identify suitable analogs. This could be the subject of

future work.

FIG. 21. As in Fig. 7, but for the NATL basin and only data outside 2 3 RMW of the center are included.
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A majority of bad HWRF intensity forecasts in the

EPAC and NATL basins were the result of HWRF

underforecasting the 24-h intensity. Thus, the method-

ology was applied to this subset of cases. It was hy-

pothesized that weaker convection near the TC core was

responsible for the underintensification.

Results for EPAC forecasts showed that nearly all

of the significant differences between the bad and

analog forecasts occurred near the TC core (i.e.,

radius , 75–100 km). The strength and extent of

convection, as measured by reflectivity and vertical

motion v, was indeed weaker in the bad forecasts

compared to the analog forecasts from 3 to 24 h.

Differences largely occurred in the upper levels

during the earlier time periods, indicating that the

convection was initially shallower in the bad fore-

casts. These differences are associated with smaller

surface latent heat fluxes or lower-ue air near the

surface in the bad forecasts compared to the analog

forecasts.

The EPAC and NATL composites exhibited some

similar results. For example, the convection was weaker

FIG. 22. As in Fig. 10, but for the NATL basin.
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FIG. 23. As in Fig. 11, but for the NATL basin.
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and shallower in the bad forecasts compared to the an-

alog forecasts. Smaller near-surface ue values also oc-

curred in the bad forecasts. However, unlike the EPAC,

these differences were found primarily outside of the TC

core (i.e., radius . 100km) over the NATL. A com-

parison of the radius of the outer closed isobar for bad

and analog forecasts revealed that the bad forecasts are

statistically smaller than the analog forecasts over the

NATL. This size difference may explain why differences

in TC structure are observed at larger radii over

the NATL.

This methodology easily can be modified to analyze

different models, time periods, definitions of ‘‘bad’’

forecasts, and to control for different factors (i.e., best-

track intensity, shear, RMW, etc.). For example, rapid

intensity changes were not considered here, but would

be an interesting topic for future research. Overall, we

believe this methodology can be applied more generally

to diagnose systematic model biases.
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FIG. 24. Composite differences between bad and analog forecasts of the difference between the analysis and 6-h

forecast from the previous cycle. Shown are results for (a) EPAC ue, (b) EPAC specific humidity, (c) NATL ue, and

(d) NATL specific humidity.
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