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ABSTRACT

This paper diagnoses the temperature trends in maximum (7y,ax) and minimum temperatures (7 i) Over a se-
lection of 65 stations spread over the southeast United States (SEUS) from three observed datasets. They are the
Cooperative Observer network program (COOP), the COOP data corrected for documented shifts in time of
observation (COOP1), and the COOP data additionally corrected for documented changes in instrumentation
(COOP2). These 65 stations have been isolated for having the three observed datasets for the same time period
from 1948 to 2009. The authors’ comparisons suggest that COOP2 displays stronger warming (cooling) trends in
Tmax (Tmin) compared with COOP1 in all four seasons. This is consistent with the expectation from the bias cor-
rection applied for the instrument change. In comparison, the differences between COOP and COOP?2 are rela-
tively larger. In the spring, summer, and fall seasons, the median 7}, trend is warming in COOP2 while it is cooling
in COOP. In the winter season, the median trends of 7,.x in the two datasets are positive, but their magnitudes are
substantially different. Similarly, in the winter, summer, and fall seasons, the warming trend in 7,,,;, in COOP is
contrary to the cooling trend in COOP2. In the spring season, the median trend in 7,,;,, is comparable between the
two datasets. COOP2 shows the relationship of trends in 7, with the extent of urbanization in these 65 stations, to
be statistically significant and to be consistent with expectations from theory in contrast to the COOP data.

1. Introduction Tmin; as a result, they find that warming trends of T,,;, are
stronger in urban areas and weaker in rural regions. On
the other hand, irrigation will tend to reduce the maxi-
mum temperature 7,,,, measured during the day by way
of evaporation (Bonfils and Lobell 2007; Puma and Cook
2010) and, in some cases, influence cloud cover and down-
stream precipitation patterns (Kueppers et al. 2007). Irri-
gation also raises the heat capacity and conductivity of the
soil by way of wetting, which under weak wind conditions
(which usually exist at night when the boundary layer tends
to decouple from the rest of the atmosphere) lead to
warming of the surface Ty, (Elsner et al. 1996). Misra
et al. (2012), consistent with these studies, find that the
observed temperature trends of Tpy,.x (Timin) are relatively
weaker (stronger) in highly irrigated regions than the less

The “warming hole” in the southeast United States
(SEUS) refers to the cooling trend in the surface tem-
perature observed especially in the boreal spring and
early summer seasons, which is unlike the rest of the
United States (Pan et al. 2004; Kunkel et al. 2006;
Portmann et al. 2009). In a more recent study, Misra
et al. (2012) showed that some of the heterogeneity of
the observed surface temperature trends in the SEUS can
be explained by the spatial distribution of urbanity and
irrigation in the rural regions. They find, consistent with
theory, that urbanity raises the minimum temperature
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FIG. 1. Map showing the location of the 65 stations used in the
analysis.

nearly twice as low in the eastern United States com-
pared to the western United States, west of 100°W. This
east-west differential of temperature extremes is ob-
served to be consistent with the pattern of change of the
mean temperature, with the western United States ex-
hibiting stronger warming trends than the eastern half of
the United States in the last several decades (Meehl
et al. 2009; Anderson and Kostinski 2010).

In this study, we are comparing the temperature trends
and their relationship with urbanity from three datasets
obtained from the National Climatic Data Center
(NCDC). The purpose of this comparison is to document
and show the impact of nonclimatic discontinuities in our
estimation of the surface temperature trends and its re-
lationship with urbanization. This comparison is also
relevant because two of the three datasets are archived
at NCDC and are easily accessible on the web (NCDC
2009). The methodology to diagnose the trends and dis-
cern the statistical relationship of the temperature trends
with urbanity follows Misra et al. (2012). Datasets are
discussed in section 2, with results and conclusions dis-
cussed in sections 3 and 4, respectively.

2. Datasets and methodology

Following Misra et al. (2012), we selected 65 stations
(Fig. 1) across the five states (Alabama, Florida, Georgia,
South Carolina, and North Carolina) in the SEUS that
had datasets from the National Weather Service’s
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Cooperative Observer station network program (COOP),
the COOP data corrected for documented shifts in time
of observation (COOP1), and the COOP data addition-
ally corrected for documented changes in instrument
(COOP2) for an overlapping period of 62 years from 1948
t02009. It should be mentioned that there are 327 stations
across these five states, but only 65 of these had the
temperature records for the same overlapping period in
all three datasets with missing data that did not stretch
more than 3 years in a row. The missing data were linearly
interpolated. The trends were computed on the seasonal
means, and therefore, the filling of the missing data for
such short time periods with linear interpolation did not
have a significant impact. The COOP data are available
from the NCDC and are quality controlled, monthly
mean 7 yax and T, from 1948 to 2009. The COOP1 data
are from the U.S. Historical Climatology Network, ver-
sion 2 (USHCNV2), and are corrected for time of obser-
vation bias (TOB; Baker 1975; Karl et al. 1986; Menne
et al. 2009) (see also 9641C_YYYYMM_tob.max.gz and
9641C_YYYYMM_tob.min.gz available from ftp:/ftp.
ncdc.noaa.gov/pub/data/ushen/v2/monthly/). These data,
as reported in Menne et al. (2009), were derived from
the U.S. daily surface data DSI-3200, DSI-3206, and
DSI-3210 (http://gecmd.nasa.gov/records/GCMD_gov.
noaa.ncdc.C00314.html). The COOP?2 is obtained from
making corrections to the COOP1 data for the docu-
mented instrument change from liquid-in-glass ther-
mometers to the Maximum-Minimum Temperature
System (MMTS) by increasing 7T,.x by 0.4°C (0.72°F)
and reducing Ty, by 0.3°C (0.54°F) from the time of
the documented instrument change onward, following
Quayle et al. (1991). We have deliberately avoided using
the homogenized dataset (USHCNV2), as trends from it
are well documented in Menne et al. (2009). Further-
more, Menne et al. (2009) notes that the homogenization
algorithm used on USHCNvV2 accounts for much of the
urban heat island effect noted in Karl et al. (1988).
Therefore, it makes the temperature trends from these
data artificially appear insensitive to urbanization.

We also make use of the Population-Interaction Zone
for Agriculture (PIZA) index dataset developed by the
U.S. Department of Agriculture’s Economic Research
Service (USDA-ERS 2005), a proxy measure for urban-
ization. This dataset was generated at a 5-km grid reso-
lution and is based on the data for the year 2000. The
PIZA index ranges from 1 to 5, with 1 (5) representing
negligible (highest) interaction of the urban population
with agriculture.

The trends in this study are diagnosed using the en-
semble empirical mode decomposition (EEMD; Wu
and Huang 2009). The EEMD procedure results in mul-
tiple near-orthogonal components called intrinsic mode

Unauthenticated | Downloaded 07/22/22 10:57 AM UTC



15 FEBRUARY 2013

functions (IMFs). For further details on the methodology,
the reader is referred to Misra et al. (2012).

3. Results
a. Comparison of COOPI with COOP2

The scatter of the surface temperature trends for both
Tmax and Ty, for all 65 stations and for each of the four
seasons between COOP1 and COOP2 is shown in Fig. 2.
At a glance, it seems that the temperature trends are
comparable between the two datasets for both 7, and
Tmin in all seasons. However, the median temperature
trends from the two datasets (mcoopz and mcoop; in
Fig. 2) and the average trend (the large diamond in
Fig. 2) show that the trends in COOP2 are stronger than
in COOP1; COOP2 has stronger positive (negative)
trends for Tpax (Tiin)- This is consistent with the expec-
tation from the correction applied to the measurements
of Tinax and T, in COOPI for the documented change
in instrument in COOP2. The warming hole displayed by
a cooling trend in the majority of the 65 stations (repre-
sented by both the mean and the median trend) is most
strongly evident in both datasets in 7}, in the boreal
spring season (Fig. 2d), but this cooling trend in the me-
dian value is evident in all seasons in COOP2, with
COOP1 displaying a weak positive median trend in the
fall season (Fig. 2h).

b. Comparison of COOP with COOP2

Similar to Fig. 2, the scatter of the diagnosed temper-
ature trends from COOP and COOP2 are shown in Fig. 3.
Unlike Fig. 2, there is far more scatter in Fig. 3, suggesting
larger and nonsystematic differences in the diagnosed
temperature trends between the two datasets. It is to be
noted that the median trend of Tpax (Tinin) diagnosed
from the two datasets is of opposite sign in all seasons
except in the December-February (DJF) [March-May
(MAM)] season. The nonclimatic biases in COOP there-
fore have a profound impact on the diagnosed surface
temperature trends. The ubiquitous cooling trend, as dis-
played by the negative values of median 7., trends in
COORP2, is in fact a warming trend in the COOP dataset.
Similarly, the negative median trends of 7}, in the spring,
summer, and fall seasons, as diagnosed from the COOP
dataset, run contrary to the positive median trends di-
agnosed from the COOP2 dataset. Even in DJF (Fig. 3a),
when the sign of the median 7',,,x trends match in the two
datasets, their magnitudes are significantly different.

c. Relationship with urbanization

To further highlight the differences in the diagnosed
temperature trends from the three datasets, we computed
the slope of the linear fit to the scatter of the observed
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temperature trends from COOP and COOP2 to the
PIZA index (Table 1). The slopes from COOP1 were
nearly similar to those in COOP2 and are therefore not
shown. The relationship of the trends in Ty,;, with PIZA
is more robust in COOP2, which displays a statistically
significant positive slope for the linear fit of the scatter
between the trends of Ty,;, with the PIZA index for all
four seasons. In other words, this relationship in COOP2
suggests that Ti,;, gets warmer with increased urbanity,
which is not substantiated in the COOP dataset. This
again points to the impact of the additional nonclimatic
discontinuities prevalent in the COOP dataset on the
diagnosed surface temperature trends.

4. Conclusions

A comparison of the diagnosed surface temperature
trends over the 65 stations spread over Alabama, Florida,
Georgia, North Carolina, and South Carolina in the
SEUS show significant differences among the three
datasets of COOP2 (which corrects for documented
changes in time of observation and instrument change),
COOP1 (which corrects for documented changes in
instrument change), and COOP (with no corrections).
The differences in the surface temperature trends be-
tween COOP2 and COOP1 are relatively small com-
pared to COOP2 and COOP. The difference between
COOP2 and COOP1 is consistent with the instrument
bias adjustments applied in COOP2 to the temperature
measurements, with diagnosed trends in COOP2 stron-
ger than in COOP1.

The warming hole in the SEUS is reflected in the
ubiquitous cooling trend in Ty, that persists in all four
seasons in the COOP2 dataset. In the COOP dataset,
we diagnose a ubiquitous warming trend in all seasons
except in the spring season. In contrast, the warming
trends in 7y, of the COOP2 dataset are matched by the
cooling trends in Ty, in the COOP dataset in all seasons
(except in the winter season). Furthermore, the surface
temperature trends of T, display a robust relationship
with urbanity in the COOP2 (and not in the COOP)
dataset; increased urbanity is associated with stronger
warming trends in Ty, in all four seasons.

This study highlights the significant impact that the
nonclimatic biases prevalent in the COOP and COOP1
datasets have on the diagnosed temperature trends in the
SEUS. However, these 65 stations represent a much
smaller subset of COOP stations distributed in these
five states (327 stations). In a significant fraction of these
COOP stations, which have different lengths of tem-
poral coverage of observations, the nonclimatic shift of
temperature caused by a shift in time of observation
and instrument change is not properly documented.
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FIG. 2. The scatterplot linear trends (°F century ') from station observations of (left) Ty and (right)
T'min between COOP2 data (on x axis) and COOP1 data (on y axis) for (a),(b) December-February (DJF);
(c),(d) March-May (MAM); (e),(f) June-August (JJA); and (g),(h) September-November (SON) seasons.
The large diamond in each panel is the mean trend over all stations from the two datasets. The COOP2 (in
bold) and COOP1 median trends are also indicated in each panel.
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FIG. 3. As in Fig. 2, but for comparison between COOP2 and COOP datasets.
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TABLE 1. The slope of the linear fit of the scatter between surface
temperature trends and PIZA are shown from COOP and COOP2
datasets. The values in boldface are statistically significant at the
5% significance level by Monte Carlo approach; the values in italics
are significant at 10%. The units are degrees Fahrenheit per cen-
tury per index increase of PIZA.

DJF
Tmax Tmin

COOP 0.120 0.661
COOP2 0.040 0.537

MAM JJA SON
Tmax Tmin Tmax Tmin Tmax Tmin

—0.078 0.789 0.022 0.538 0.017 0.429
0.091 0.577 0.186 0.544 0.035 0.626

Furthermore, discontinuities caused by other non-
climatic factors in the time series of the temperature
measurements in the 65 stations of the COOP2 dataset
used in this study also cannot be ruled out. Pielke et al.
(2007) show evidence of several undocumented non-
climatic factors influencing temperature measurements,
such as instrument site placement near a building, shift of
the instrument site, or a shadow cast by a neighboring tree
or building. However, in the absence of such information
on nonclimatic factors influencing temperature mea-
surements, it is indeed very difficult to unambiguously
correct for them. This is especially true in regions where
there is evidence for microclimatic influence from effects
like urbanization on temperature, as robustly diagnosed
in the COOP2 dataset.
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