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ABSTRACT

As demand for renewable energy grows, so does the need for an improved understanding of renewable

energy sources. Paradoxically, the climate change mitigation strategy of fossil fuel divestment is in itself

subject to shifts in weather patterns resulting from climate change. This is particularly true with solar power,

which depends on local cloud cover. However, because observed shortwave radiation data usually span a

decade or less, persistent long-term trends may not be identified. A simple linear regression model is created

here using diurnal temperature range (DTR) during 2002–15 as a predictor variable to estimate long-term

shortwave radiation (SR) values in the northeastern United States. Using an extended DTR dataset, SR

values are computed for 1956–2015. Statistically significant decreases in shortwave radiation are identified

that are dominated by changes during the summer months. Because this coincides with the season of greatest

insolation and the highest potential for energy production, financial implications may be large for the solar

energy industry if such trends persist into the future.

1. Introduction

Observed increases in atmospheric greenhouse gases,

particularly carbon dioxide, are largely attributed to

global energy use that depends on the combustion of

fossil fuels (Canadell et al. 2007; Le Quéré et al. 2009;

Andres et al. 2012). To mitigate this and resulting global

climate changes moving forward, an increasing portion

of this energymust come from renewable sources (IPCC

2011). There are currently 29 U.S. states with goals of

obtaining most or all of their energy from renewable

sources within the next few decades (Durkay 2016).

Some of the most aggressive renewable energy goals

have been identified by states in theNortheast, including

Rhode Island (15% by 2019), Massachusetts (15% by

2020), New Hampshire (25% by 2025), Connecticut

(27% by 2020), Maine (40% by 2017), New York (50%

by 2030), and Vermont (75% by 2032). While this re-

newable energy can come from a variety of sources, it is

projected that many of the long-term needs are likely to

be met with solar power, which is expected to expand

on a massive scale (Shmalensee et al. 2015) largely

driven by the installation of utility-scale solar power

plants (Honeyman et al. 2016).

Cited as a key risk with large-scale solar photovoltaic

(PV) projects, incorrect estimations of energy pro-

duction due to unanticipated weather patterns can

have large impacts on long-term revenue [International

Finance Corporation (IFC) 2014]. Solar radiation, in

particular, can vary on decadal and multidecadal time

scales (Wild 2012; Zhang et al. 2015), greatly impacting

PV energy production (Jones and Underwood 2001).

Such changes may be associated with large-scale climate
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variability, whichmodifies long-term cloud cover (Dai et al.

1999, 2006;Dimet al. 2011; Eastman andWarren 2013).An

observed long-term increase in annual precipitation in the

northeastern United States (Lauritsen and Rogers 2012;

Peterson et al. 2013; Tang and Leng 2013) is linked to a

substantial decline in surface shortwave radiation through

increasing frequency of overcast skies and modified cloud

properties (Dai et al. 1999; Liepert 2002; Stone andWeaver

2003). Modeling studies suggest that such trends will con-

tinue in this region under various climate change scenarios

(Walsh et al. 2014). In spite of this, expected energy output

at proposed PV plant sites is estimated from observed

shortwave radiation data that usually span 10yr or less.

Such data may not adequately capture long-term trends

and variability, but the plant itself may have a lifetime in

excess of several decades (IFC 2014).

To identify long-term trends and variability of po-

tential solar energy production in the northeastern

United States, an extended climatology of shortwave

radiation is needed. The goals of this work are as fol-

lows: 1) identify an alternative method for creating a

climatology of shortwave radiation in the Northeast and

2) identify long-term changes in shortwave radiation

based on this new climatology. A shortwave radiation

(SR) climatology is created here using methods similar

to those identified by Betts et al. (2013, 2014) and Betts

and Tawfik (2016); they used a unique long-term hourly

cloud cover dataset to show that the magnitude of di-

urnal temperature range (DTR) is strongly dependent on

the fraction of opaque cloud cover in the Canadian Prai-

ries, which in turn is directly related to the shortwave al-

bedo of the cloud field (Betts et al. 2015). Because of

differences in radiative forcing, clear skies are linked to

large DTR values and overcast skies are linked to small

DTR values (Fig. 3.22 in Ahrens 2013), thus providing

valuable information about SR when direct observations

are not available.

To maintain a focus on long-term climatological shifts in

SR due to increasing anthropogenic greenhouse gases, we

investigate recent successive 30-yr climatological periods,

SR1: 1956–85 and SR2: 1986–2015. These durations were

chosen to filter out near-decadal periodicities in regional

moisture that may be associated with natural climate modes

suchas theNorthAtlanticOscillation (Moronet al. 1998;Da

Costa and De Verdiere 2002; Hanrahan et al. 2009, 2014).

In section 2, we quantify the relationship between SR

and DTR for the northeastern United States during in-

dividual months and over the entire year. A probabilistic

linear regression model is then identified in section 3 that

is used to estimate SR during 1956–2015. Also presented

in this section is a detailed analysis of climatological

changes over time. In section 4, we discuss the potential

for limitations of this work as they pertain to regional

influences and temporal shifts, andweprovide a summary

and major conclusions in section 5.

2. Quantifying a relationship between diurnal
temperature range and shortwave radiation

a. Data

To establish a relationship between DTR and SR,

hourly temperature (8C) and incoming shortwave radi-

ation (Wm22) data were obtained from the U.S.

weather observation database MesoWest (Horel et al.

2002) for the northeastern United States. Suitable lo-

cations included at least four years of data for bothDTR

and SR during concurrent time periods extending

through the end of 2015 (start times vary). All data

were inspected for quality and questionable values

were removed (i.e., DTR or SR of zero for several days

in a row or unrealistically large values). Months with

fewer than 20 days of data were not considered.

The resulting dataset of DTR and SR values included

32 stations around the region (Fig. 1a; red circles) with

FIG. 1. Individual locations (red circles) and area-averaged regions (blue boxes) for (a) both hourly

temperature and SR (see Table S1 in the online supplemental material for station details) and (b) only

hourly temperature. Light-blue concentric circles in (a) indicate stations within 80 km of large bodies of

water as discussed in section 4a. Data were obtained from MesoWest (Horel et al. 2002).
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data for at least 29 locations during each individual

month of the year (individual station names and in-

formation can be found in Table S1 in the online

supplemental material).

Because of an uneven distribution of stations across

theNortheast, we binned daily station SR andDTRdata

into 2.58 latitude and longitude regions and computed

spatial averages, resulting in 13 grid cells over the region

(Fig. 1a; blue boxes). This was done to avoid dispro-

portionately large influences by areas with high con-

centrations of data. For some grid cells, data from only

one station were available, so no spatial averaging was

necessary. For other grid cells, data for up to five stations

were available with varying temporal coverage, so av-

erages were computed using station data as available for

each day.

Starting years for each grid cell range between 2002

and 2004 and data for all grid cells end in 2015. The

average sample size for each month is n 5 4652 with a

minimumof n5 3937 (Table 1), where n is defined as the

total number of days multiplied by the number of grid

cells with available data during each month. The re-

gression analysis discussed below was performed on

these area-averaged gridded data consisting of one value

each of SR and DTR per day, per grid cell.

b. Correlation between diurnal temperature range
and shortwave radiation

We computed correlation coefficients between daily

gridded DTR and SR values for all months of the year.

This was first done for each of the 13 grid cells in-

dependently (Fig. 2a; red times signs) and then repeated

using data across all grid cells, resulting in a single cor-

relation value for the entire Northeast per each month

(blue circles). Lines of best fit were computed with DTR

as the predictor and SR as the predictand. The resulting

slopes are illustrated in Fig. 2b for each grid cell (red3’s)

and across all grid cells (blue circles).

In agreement with Betts and Tawfik (2016) and

Jackson and Forster (2010), we find that DTR is well

TABLE 1. Correlation and linear regression values between DTR and SR across all grid cells (blue circles in Fig. 2).

n r r2 Slope s y intercept b (Wm22) SR (Wm22) Std dev of residual « (Wm22)

Jan 4394 0.22 0.05 1.63 37.40 54.36 33.57

Feb 3937 0.31 0.09 3.13 55.24 89.88 47.40

Mar 4238 0.51 0.26 7.17 60.39 144.09 63.35

Apr 4430 0.68 0.46 11.46 44.77 187.93 67.44

May 4555 0.74 0.55 13.38 43.43 216.00 63.63

Jun 4599 0.76 0.57 15.41 39.73 224.88 59.86

Jul 4824 0.68 0.46 14.30 60.26 235.83 57.69

Aug 4970 0.69 0.47 13.01 48.11 208.84 51.87

Sep 4895 0.69 0.47 10.76 31.34 165.58 49.21

Oct 5111 0.68 0.46 7.93 16.61 101.84 38.90

Nov 4842 0.51 0.26 4.59 20.42 65.53 31.51

Dec 5028 0.29 0.09 1.99 24.37 41.85 26.16

FIG. 2. (a) Correlation coefficients and (b) slopes of best-fit lines between daily diurnal temperature range

(predictor) and daily averaged downward shortwave radiation (predictand) for each grid cell (red times signs;

regions identified by blue boxes in Fig. 1) and across all grid cells (blue circles).
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correlated with SR throughout the year. Correlations for

the entire region (across all grid cells) are statistically

significant at the 99% confidence level during all months.

The highest correlations occur during the warm season

when shortwave radiation forcing dominates daily

changes in temperature (Betts and Tawfik 2016). During

April–October, average monthly correlations r $ 0.68,

indicating that at least 46% of incoming shortwave radi-

ation may be explained by daily temperature ranges

alone. Correlation coefficients during other months are

also statistically significant, but the amount of shortwave

radiation variability explained by DTR is lower. We

find that the slope of the best-fit line (SR–DTR) is also

maximized during June and minimized in January and

December. This suggests that the same change in daily

solar energy input triggers a small DTR response dur-

ing the summer and a relatively large DTR response

during the winter. Correlation values, however, are

substantially smaller during the latter.

From this analysis, we conclude that DTR data for the

northeastern United States can serve as a reliable proxy

from which a climatology of shortwave radiation can be

created, particularly during the warm season. The spa-

tial variability in correlation r and slope s values as

computed for individual grid cells is relatively low; most

individual gridcell values (Fig. 2; red 3’s) are within

25% of those computed for the entire region (blue

circles). We thus focus on values representative of the

entire Northeast (across all grid cells) hereafter. How-

ever, because the slope s and standard error are largely

dependent on time of year, unique functions were

identified for each month.

3. Climatology of shortwave radiation

a. Computing shortwave radiation from diurnal
temperature range

Daily area-average SR values (Wm22) can be com-

puted using simple linear regression with DTR (8C) as
the predictor variable,

SR5 s
m
3DTR1b

m
1 «

m
, (1)

where slope s and y intercept b were obtained from the

observed relationships for each month m over the en-

tire region (Table 1). For each day, the equation was

solved 1000 times, with random error « drawn from the

observed residual distribution about the least squared

regression line.

To assess model performance, SR was first computed

using (1) during 2002–15 with DTR data from the orig-

inal 32 stations (Fig. 1a) after they were binned and

spatially averaged (blue boxes). All solutions for each

month are illustrated in Fig. 3 (thin gray lines). Average

SR values were then computed for each of the 1000 re-

alizations and sorted from smallest to largest. The 25th

and 975th values (thick gray lines) represent the 95%

range about the long-term average solution for (1).

Observed daily SR values, as defined in section 2, were

averaged by month (thin red lines) and over all years of

available data (dashed red line). Monthly averages of

observed SR are also quantified in Table 1.

In agreement with monthly correlations identified in the

previous section, the greatest agreement betweenmodeled

SR (Fig. 3; thin gray lines) and observed SR (thin red lines)

occurs during thewarmseason, and the long-termaverages

(2002–15) of observed SR (dashed red line) fall within the

95% range of the average computed SR (thick gray lines)

during all seasons. We thus conclude that this stochastic

model (1) can be used to reliably estimate decadal and

multidecadal variability in SR during all seasons, but

that estimations of year-to-year variability are pri-

marily limited to the warm season.

b. Identification of changes in climatology of
shortwave radiation

An extended DTR dataset was obtained for 157

locations (Fig. 1b; red circles) during 1956–2015

(Horel et al. 2002). Analogous to the process identified

in section 2, daily station data were binned into 2.58
latitude and longitude regions, resulting in 15 grid cells

over the region (Fig. 1b; blue rectangles). These daily

gridded DTR values were used as predictors in Eq. (1)

to obtain annual and seasonal SR values (Fig. 4).

The upper (SR97.5) and lower (SR2.5) bounds about

computed averageSRduring 1956–85 (SR1) and1986–2015

(SR2) were used to establish significance of departures of

the second sample mean from the first (Fig. 4; thick gray

lines). Two t distributions were then computed to establish

95% confidence intervals around the difference in opposite

extremes (SR97:5
2 2 SR2:5

1 and SR2:5
2 2 SR97:5

1 ). In other

words, the SR values that correspond to the 975th largest

sample mean during 1956–85 were compared with SR

values that correspond to the 25th largest sample mean

during 1986–2015, and t distributions were used to identify

95% confidence intervals about this difference. The same

was done for the 25th largest sample mean during 1956–85

and the 975th largest sample mean during 1986–2015. The

largest and smallest values from the two t distribution

confidence intervals were used to establish significance of

different means between the two climatological periods.

This method of establishing statistical significance thus ac-

counts for both model variability (as introduced by «) and

interannual variability.

We find that annual SR changed by an average of21.8%

or22.7 [24.8 to20.6] Wm22 from the period 1956–85 to
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1986–2015 where the brackets encompass the 95% confi-

dencebounds about thedifference ofmean.This decrease is

not temporally uniform as the largest shift occurred during

the summer when SR changed by an average of 23.7%

or28.4 [214.1 to22.5]Wm22 from the first to the second

climatological period. More modest changes of22.3 [25.6

to 0.9] Wm22 and20.6 [22.5 to 1.3] Wm22occurred dur-

ing fall and winter, respectively, and a slight increase of 0.5

[24.2 to 5.0]Wm22 occurred during spring.However, none

of the seasonal changes outside of June–August were

deemed statistically significant.

The spatial distributions of changes in SR are illus-

trated in Fig. 5 (numeric values can be found in Table S2

in the online supplemental material). For this analysis,

only grid cells that contained nearly complete climatol-

ogies (at least one stationwith 29yr of data for each of the

two 30-yr periods) were considered, resulting in an

analysis of 12 grid cells (as identified in Fig. S1 in the

online supplemental material). Confidence intervals for

each grid cell were computed analogous to those for the

entire region as outlined above. Annual SR gener-

ally decreased across the region and many of these

changes were deemed statistically significant (filled yel-

low circles; p , 0.05). Values range from a modest in-

crease (red square) of 0.8% (1.1Wm22) to a decrease

(blue diamond) of24.2% (26.3Wm22), withmost of the

SR decreasing between 2% and 5%of the 1956–85mean.

Summer SRdecreases occurred across the region,most of

which were deemed statistically significant, and ranged

from 20.5% (21.3Wm22) to 26.7% (215.6Wm22).

During winter, spring, and fall, SR decreased in most

regions, however, none of the changes, positive or nega-

tive, were deemed significant.

As discussed in section 2, correlations between SR

and DTR were relatively weak outside of the warm

season, particularly during December–February. As

a result, large residual values introduced in (1) as

random errors may hide true differences between cli-

matological periods. We thus conclude that annual-

average SR has largely decreased in the northeastern

FIG. 3. Comparison of observed annual (thin red line) and long-term average (red dashed line), and computed annual (light-

gray lines) and 95% range about long-term average (thick gray lines) from Eq. (1) of downward shortwave radiation for the

northeastern United States.
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United States because of decreasing SR during the

summer months, but climatological shifts outside of

this season cannot be ruled out.

4. Assessment of spatial and temporal influences on
model performance

a. Geographical influences on model parameters

To evaluate the extent of key geographical influences

on SR andDTR relationships identified here, regression

values were recomputed for daily DTR and SR at each

of the original 32 stations (Fig. 1a, red circles). The

resulting values were plotted against latitude, elevation,

and distances to large bodies of water, which were esti-

mated as the shortest linear distance between an

observation and the closest Great Lake or the North

Atlantic coastline. Because we concluded in section 3

that significant long-term shifts in SR occurred during

June–August, results for this season are included in

Fig. 6, with lines of best fit (black lines) where individual

FIG. 4. Computed annual and seasonal downward SR for the northeastern United States (thin gray lines), 95% range of climatological

average values (thick gray lines), and changes in climatological averages (DSR) from 1956–85 (SR1) to 1986–2015 (SR2), where brackets

encompass the 95% confidence bounds about the difference of means.
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stations are identified by numbers. Results for other

seasons are available in Figs. S2–S4 in the online sup-

plemental material.

We find that correlation coefficients between DTR

and SR generally increase with station distance to water

(p, 0.05) during June–August (r5 0.36) and September–

November (r 5 0.59). We hypothesize that smaller

correlations between DTR and SR near large bodies of

water likely occur because of a greater influence of hori-

zontal advection on regional temperatures from air origi-

nating over water and/or the presence of more atmospheric

water vapor, which, because of its large heat capacity, may

exhibit a damped diurnal temperature cycle. While large

DTRs are usually observed over land during the warm

season, diurnal heating can be substantially less within

80kmof theGreat Lakes (Scott andHuff 1996).When only

stations farther than 80km from large bodies of water

are included in the present analysis (Fig. 6; red numbers

and thick red lines), this dependence is no longer significant

(p . 0.05) and even reverses sign during June–August.

The identified dependence of regression values on

distance to water within 80km must be taken into con-

sideration when evaluating the influence of elevation and

latitude, which themselves are dependent on distance to

water. Regions that are higher in elevation are less likely

to be near water than those that are closer to sea level.

Additionally, given the geographical layout of the region

under consideration, more southern stations are within

80km of the ocean than northern stations (stations within

80km of large bodies of water are indicated with light

blue concentric circles Fig. 1a). To remove the influence

of water on the remaining regression values, the analysis

FIG. 5. Annual- and season-average changes in computed downward shortwave radiation from 1956–85 (SR1) to

1986–2015 (SR2) for individual grid locations around the northeasternUnited States. Statistical significance of DSR
6¼ 0 was established by identifying 95% confidence intervals that did not encompass zero (filled yellow circles) for

increasing (red squares) and decreasing (blue diamonds) SR as computed by Eq. (1). Numeric values can be found

in Table S2 in the online supplemental material.
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was repeated for elevation and latitude for stations out-

side of the 80-km buffer regions during June–August and

September–November (Fig. 6 and online supplemental

Fig. S4; red numbers and thick red lines). Because the

distance-to-water dependence was not identified during

March–May or December–February (p . 0.05), the re-

gression analysis was not repeated during these seasons

for the specified stations.

We find that the DTR and SR regression values are

largely independent of elevation (p . 0.05) up to the

highest elevation under consideration here of 700m,

suggesting that the present results are applicable over a

wide range of terrain types. There is one notable ex-

ception during June–August when elevation appears

to have an impact on y intercept values (r 5 0.48).

Once the stations within buffer regions are removed,

we conclude that station latitude does not statisti-

cally impact correlation during any of the seasons.

We find that slope values are inversely dependent

on latitude during all seasons and that this de-

pendence is significant (p, 0.05) outside of the 80-km

buffer region during June–August, for all locations

during December–February. Larger slopes (SR–DTR)

are generally observed at the southernmost regions,

and smaller slopes at the northernmost regions of the

domain. This suggests that for the same change in solar

energy input, the DTR response is smaller to the

south than it is to the north. The underlying causes for

this dependence, and the apparent relationship between

elevation and y intercept values during June–August,

FIG. 6. Examination of geographical influences during June–August including (left) elevation, (center) distance to large bodies of water,

and (right) latitude, on individual station SR and DTR regression coefficients, including lines of best fit. Station numbers correspond to

those identified in Table S1 in the online supplemental material. Red numbers and lines indicate stations that are at least 80 km from large

bodies of water.
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are not immediately apparent and a detailed in-

vestigation is left for future work.

While some geographical influences have been identi-

fied here, the lowest warm-season correlation coefficient

between DTR and SR is 0.50, with the vast majority in

excess of 0.70, all of which are statistically significant at the

99% level. We conclude that the parameters in Table 1

and subsequent analyses are generally applicable to the

entire region. However, one must exercise caution when

applying the results to individual locations that are within

80km of the Great Lakes or the Atlantic Ocean and/or

those that are on the southern or northernmost bound-

aries of the domain (Fig. 1).

b. Temporal evolution of model parameters

The findings presented here of decreasing annual SR

fromone 30-yr period to the next, particularly during the

warm season, are the result of decreasing DTR values in

Eq. (1). In agreement with these findings, decreasing

DTR has been observed in various parts of the world

over the past several decades (Karl et al. 1993;

Alexander et al. 2006); however, some of the largest

decreases have been observed during the cold season

(Easterling et al. 1997; Vose et al. 2005). In addition to

changing cloud cover, decreasing DTR has been at-

tributed to changes in precipitation (Zhou et al. 2009),

soil moisture (Dai et al. 1999), and vegetation (Zhou

et al. 2009). Through changes in surface energy balance,

Davy et al. (2017) additionally showed that boundary

layer depth may modulate surface air temperature,

thereby resulting in asymmetrical warming between

night and day. The results discussed in present study are

thus dependent on the idea that these additional

processes do not have an evolving influence on sum-

mertime DTR in the northeastern United States and

that the DTR–SR relationship is time invariant. Here,

we examine the validity of the time invariance as-

sumption in two ways. First, we recompute regression

values for DTR and SR through time during the

period of available data. Second, we assess the like-

lihood of significant changes in DTR resulting from

other influential factors and examine long-term re-

gional trends in surface solar radiation as identified in

the existing literature.

Analogous to the computation of values presented in

Table 1 and Fig. 2, regression coefficients were again

computed using daily gridded DTR and SR values av-

eraged over the Northeast, but unique values were ob-

tained for each year. The resulting temporal evolution of

regression values during 2005–15 for each season is il-

lustrated in Fig. 7. A commonly used nonparametric test

for nonstationarity of a time series, the Mann–Kendall

test (Wilks 2011), was used to determine if the re-

gression values (correlation, slope, and y intercept) ex-

hibit trends that are statistically significant at the 95%

level. We find that correlations and slopes are generally

decreasing for all seasons except winter, and that y in-

tercepts are increasing during March–May and June–

August and decreasing during December–February.

The null hypothesis of zero change in correlation, slope,

or y intercept, however, could not be rejected for any of

the seasons. This analysis suggests that other processes

(or the sum of such processes) have had a relatively

constant influence on DTR over this period. While not

statistically significant, we note that the regression

trends during winter oppose trends that occur during all

other seasons. In particular, correlations are increasing

during the winter, suggesting that SR has an increasing

influence on DTR during this season and prompting an

interesting research question that is left for future work.

The existing literature provides evidence to support

our conclusion of a relatively stable DTR–SR relation-

ship through time. We find that long-term variability in

cloud cover, and the resulting variability in shortwave

radiation at the surface, is likely the dominant driver of

long-term DTR changes during the warm season, which

encompasses our key results. Dai et al. (1999) and Stone

and Weaver (2003) showed that increased cloud cover

FIG. 7. Seasonal DTR and SR regression values by year with lines of best fit.

OCTOBER 2017 HANRAHAN ET AL . 2877

Unauthenticated | Downloaded 08/31/25 09:19 PM UTC



during the day reduces incoming solar radiation thus

limiting daytime heating and damping DTR. A long-

term increase in summertime cloud cover has been

observed in the northeastern United States associated

with a positive precipitation trend (Lauritsen and

Rogers 2012; Tang and Leng 2013). The latter is of

particular importance because soil moisture, which

largely depends on precipitation, can further limit

daytime heating, therefore reducing summertime DTR

through evaporative cooling and increased heat ca-

pacity of the soil (Dai et al. 1999; Durre et al. 2000;

Zhang et al. 2009; Tang and Leng 2013). Because of the

dependence of precipitation, and thus soil moisture, on

cloud cover, the response of DTR is amplified. While

the strength of this feedback may have varied through

time, Lauritsen and Rogers (2012) concluded that

changes in cloud cover alone explained 60% of the

DTR decrease in the northeastern United States over

the past several decades, while changes in precipitation

and soil moisture combined explained less than 20% of

this change. These results are supported by Betts et al.

(2016), who concluded that DTR was most strongly

dependent on cloud cover during the warm season in

recent years in Vermont, and Betts et al. (2015), who

identified a similar dependence over a 55-yr period in

the Canadian Prairies. We therefore find that DTR has

been strongly dependent on SR during the warm sea-

son, and that the model parameters summarized in

Table 1 are likely representative of values that would

have been derived if longer duration data were avail-

able in our area of interest. Importantly, Durre et al.

(2000) found that extreme warm temperatures may

amplify the daily temperature response to changing

cloud cover, suggesting that it may be necessary to

recalibrate the present model Eq. (1) when applied to

future data.

Liepert (2002) examined decadal changes in surface

solar radiation in the United States using data obtained

from the 1961–90 United States National Solar Radia-

tion Database (NSRDB). She identified an average de-

crease in surface radiation of 10% in the United States

during this time, which is in agreement with the timing of

decreases in many regions of the world (Ohmura 2009;

Wild 2012). This was followed by a period of global

brightening that began around 1985 (Wild 2012). Be-

cause such trends appear to be in contrast to those

identified here, a brief discussion is warranted. As illus-

trated in Fig. 4, we note an average decrease of modeled

SR during June–August 1961–90 of about 3%. Following

the work of Liepert (2002), we obtained solar radiation

data from the NSRDB (rredc.nrel.gov/solar/old_data/

nsrdb/) for six locations around the northeastern United

States during 1961–90. During June–August, only two

locations (Concord, New Hampshire, and Caribou,

Maine) exhibited decreases, both of which were less

than 5%, while the other four locations (Albany

and Buffalo, New York; Burlington, Vermont; and

Bridgeport, Connecticut) all exhibited increases of less

than 5%. To examine the period of global brightening,

we obtained data from the updated NSRDB during

1991–2010. Data for the same six stations were examined

and again revealed contradicting trends, all of which

resulted in a radiation change of less than 4%. As a final

verification of the methods discussed in the present

study, we find that the averagemodeled summertime SR

values are well correlated with the average radiation

values obtained fromNSRDB (r5 0.76 during both time

periods). We thus conclude that the results presented

here do not contradict the existing literature with respect

to global dimming and brightening, but instead that re-

gional and seasonal signatures deviate from those ob-

tained by analyses of global and annual datasets.

5. Summary and conclusions

Investments in large-scale PV projects are at risk

when long-term weather patterns unexpectedly change

(IFC 2014) such as climatological shifts in cloud cover

(Dai et al. 1999; Jones and Underwood 2001; IPCC

2011). In the northeastern United States, where ag-

gressive renewable energy goals have been identified

(Durkay 2016), long-term precipitation and cloud cover

have been changing and are expected to be further

modified under global climate change (Liepert 2002;

Peterson et al. 2013; Walsh et al. 2014). In spite of this,

observed shortwave radiation data that are used for

long-term estimates of energy production at prospective

utility-scale PV sites usually span periods of a decade or

less (IFC 2014), and detailed solar and weather data

have only beenmeasured near solar arrays during recent

years (Betts et al. 2016).

Expanding upon results by Betts et al. (2013, 2014) and

Betts and Tawfik (2016), here we use a simple linear re-

gression model with diurnal temperature range as a pre-

dictor to compute a climatology of shortwave radiation for

the northeastern United States. The resulting values during

two successive 30-yr periods, 1956–85 and 1986–2015, were

examined to identify changes in annual and seasonal

shortwave radiation. We conclude that annual shortwave

radiation has changed by about 21.8% or 22.7 [24.8

to 20.6] Wm22, where the brackets encompass the 95%

confidence bounds about the difference of mean. This an-

nual change is primarily due to a decrease in incoming

shortwave radiation during the summer months of 3.7%

or 28.4 [214.1 to 22.5] Wm22. These decreases in SR

occurred throughout the northeastern United States with
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summer decreases in excess of 6% (.15Wm22) in some

regions.

While these results may be applied to the entire

northeasternUnited States and its subregions, it should be

noted that geographical features, such as distance to large

bodies of water, must be taken into consideration with

localized planning. The annual decrease in shortwave ra-

diation identified here is a function of decreasing DTR

resulting from increasing cloud cover over much of the

United States (Dai et al. 1999, 2006; Stone and Weaver

2003), which corresponds to observed increases in pre-

cipitation around the region (Lauritsen and Rogers 2012;

Hartmann et al. 2013; Tang and Leng 2013; Peterson et al.

2013; Walsh et al. 2014). The latter may amplify the SR–

DTR relationship because increased soil moisture can

reduce daytime heating through latent effects (Dai et al.

1999; Durre et al. 2000; Zhang et al. 2009; Tang and Leng

2013; Lauritsen and Rogers 2012) particularly under ex-

tremely warm conditions (Durre et al. 2000), thus sug-

gesting that the model parameters identified here may

need adjustment when applied to future data. Impor-

tantly, while changing cloud cover is the dominant driver

of changes in DTR during the warm season, this is not the

case during the cold season (Betts and Tawfik 2016), as

indicated in the present study (Table 1) by lower corre-

lation coefficients and higher relative errors. The lack of

statistical significance surrounding long-term changes in

SR during nonsummer seasons should not suggest that

such changes are not happening but instead that other

methods must be used to identify them.

Regional precipitation and associated cloud cover is

expected to be modified around the globe under climate

change, but the underlying physical mechanisms are

varied (Trenberth et al. 2003; Screen and Simmonds 2014;

Meehl et al. 2005). Modeling studies indicate that pre-

cipitation will continue to increase in the northeastern

United States, but this is primarily the case during winter

and spring (Walsh et al. 2014). The present analysis in-

stead suggests decreasing shortwave radiation during the

summer months. Because this coincides with the season

of greatest insolation and the highest potential for energy

production, financial implications may be large for the

solar energy industry if such trends persist into the future,

thus underscoring the need to obtain a more complete

picture of the underlying processes. It is of interest to note

that the Great Lakes, which are directly upwind of the

region under consideration for the present study, have

been warming at an unprecedented rate during the

summer months (Austin and Coleman 2008; Zhong et al.

2016), consistent with the behavior of inland waters

worldwide in response to climate change (O’Reilly et al.

2015). Because the lakes have been warming faster

than the overlying air, evaporation rates have also

substantially increased during the warm season

(Hanrahan et al. 2010). It thus follows that higher mois-

ture content would be found in regions downwind of the

Great Lakes during the summer, potentially resulting in

greater cloud cover, consistent with the present findings.

The shortwave radiation estimates presented here

provide necessary information about climatological

changes in downward near-surface shortwave radiation in

the northeastern United States. We conclude that it has

been decreasing over much of this region, particularly

during the summer months. While beyond the scope of

this work, these methods may also be used to validate

and/or correct satellite data, which tend to overestimate

surface shortwave radiation (Zhang et al. 2015), and cli-

mate models, which tend to underestimate long-term

variability (Wild and Schmucki 2011), thus improving

confidence in future simulations. A possible extension of

this work might address the seasonal dependence of re-

gression coefficients identified here; the analysis may be

repeated by computing SR as a fraction of daily solar ir-

radiance at the top of the atmosphere, thus allowing for a

direct comparison between transmissivity and DTR. As

more data are collected in the upcoming years, this work

may also be combined with detailed SR data paired with

measured electrical power production at solar farms

(Betts et al. 2016) to directly estimate how solar power

potential is changing through time under climate change.
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