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Abstract 

Photovoltaic (PV) systems in the USA are often perceived as useful only in warm and sunny climate regions. 
However, PV systems can be installed and operated in cold regions as well, including places that get snow. Sunlight 
is the source of electricity, and thermal heat is not required to generate electricity in PV systems. Given similar 
irradiation conditions, lower PV-cell temperatures can lead to increases in efficiency, which leads to an increase in 
power generation, thus allowing the user to benefit more from the PV technology. This study focuses on the 
relationship between the level of energy production and varying temperatures. Two models have been developed to 
show temperature effect on photovoltaic systems, using transient systems simulation (TRNSYS), a FORTRAN-based 
modular program to assess solar conversion and heat transfer. The first model (Model A) ignores temperature and the 
other (Model B) takes it into consideration. In Model A, the efficiency was assumed to be constant through the year. 
In Model B, the temperature and the resulting efficiency change of the PV cells are defined according to deviations 
from the nominal operating cell temperature (NOCT), using equations from the literature.  These two models were 
executed for 236 cities across the USA by using second-generation Typical Meteorological Year (TMY) data. These 
two models calculate discrete outputs of power density, given irradiance and temperature conditions. Comparative 
analyses were made between these two models. The power output differences for 236 cities across the USA were 
used to generate contour maps indicating a continuous surface of differences between these two models. Comparing 
Model B relative to Model A power outputs increase during the months of November to February for the Northeast 
and the Midwest regions of the USA (16% -20 %), whereas they decrease slightly in May to August (-4%). On the 
other hand, power outputs decrease considerably from May to August for the South and Southwest of the USA  (-
12% - 15%), whereas they increase slightly from December to February (5%). Geospatial trends show two different 
behaviours in winter time and in summer time due to ambient temperature.  
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1. Introduction 

Given the attractive features of solar energy with respect to energy independence, sustainable energy 
strategies, reduced greenhouse gas emissions, and reduced unit costs for photovoltaics, attempts to 
harvest this energy resource with novel and efficient technological means have increased in recent years. 
Among the solar energy technologies, photovoltaic (PV) systems are unique in that they consist of 
assembled photovoltaic cells made of semiconductor devices, and they are used to generate electricity 
directly from sunlight. Photovoltaic technology is often perceived to be typical and useful only in warm 
or sunny climate regions. However, PV systems can be installed and used in cold regions as well, even in 
places that get snow. PV systems can have even better performance in cold climate regions due to the 
lower temperature of the PV cells [1,2]. Lower PV-cell temperatures permit a small increase in efficiency, 
which leads to an increase in power generation. There are a number of studies focused on developing cell-
temperature and efficiency equations [3-7], and some studies focus on how to predict the level of power 
generation by using these equations or other models [8-12]. However, few studies were performed 
showing that the amount of power generated changes with respect to temperature for different climate 
regions, along with the economic effects of these changes. Consequently this study focuses on the 
relationship between the level of energy production and varying temperatures. In order to do that, two 
models of power generation across the United States are developed: one considers temperature and the 
other ignores it. 
 

2.  Effect of temperature on PV solar power production 

   When the PV cell is illuminated, less than 20% of solar irradiance is transformed to electric power. 
Much of the remaining balance of unused energy is converted to thermal heat, which leads to an increase 
in the PV cell temperature, such that the cell temperature elevates significantly higher than the ambient air 
temperature. A rise in the PV cell temperature causes a decrease in the Voc and a slight increase in the Isc. 
The temperature also affects some parameters such as minority carrier lifetime, carrier mobility and 
diffusion, and increases recombination in solar cells. As such, power output and cell efficiency are 
reduced, coinciding with high irradiance and elevated cell temperatures. 
   There are many correlations that can be to calculate cell temperature and efficiency as a function of 
irradiance, wind speed, ambient temperature, absorptance, and material parameters. For example, Evans 
et al. [12] calculated efficiency as a function of temperature coefficient, whereas Zhu et al. [13] uses 
additional empirical constants and indoor ambient temperature. 

3. Methodology 

3.1. Weather Data  

   Typical weather data for a given location can be used to estimate the comparative performance of a 
solar power system from site to site [14]. Although limited in application for detailed analysis of actual 
site performance, typical meteorological year (TMY) data can be described as a representative database of 
meteorological data for a given location for a single year “typical” time horizon. This typical one-year 
duration is formed by selecting 12 months selected from decades of individual years, and is comprised of 
hourly values of solar radiation and meteorological data such as ambient temperature. The selection of 
months is done by the Sandia method, which is an empirical approach [15]. TMY-2 provides a recent, 
extended scope of meteorological data, more accurate values of solar radiation than the original TMY-1 
data, more measurements, including direct normal radiation, and improved instrument-calibration 
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methods [16]. In this study, TMY-2 data was employed for the above-mentioned reasons.  TMY-3 data is 
also available, but was not used in this study. 

3.2. Solar energy simulation using TRNSYS and Model Development 

   Solar energy systems can be designed and compared via component-based performance models in 
energy simulation programs [17]. The validity of the algorithms used and the appropriateness of the input 
data and parameters affects the accuracy of these models. One such simulation program is TRNSYS 
(TRaNsient SYstems Simulation), which creates energy-system models using a modular, FORTRAN-
based structure. TRNSYS was used for its flexibility: component programs can be modified or removed, 
and new components can be added as required, so the software can be tailored for each project [18]. 
TRNSYS consists of subroutines. They are named “types" and each represents a specific system. Each 
type has inputs, parameters, and outputs. The component required for this study is Type 567, which 
models the PV system and its interactions with the environment and the building in which it is installed. 
   Components, pieces of a system, can link up to components of other systems in TRNSYS. In 
developing a model, the user can also change the inputs of types. For the purposes of this study, two 
models were created in order to show the effect of temperature on power output: the temperature-
independent model, Model A; and the temperature-dependent model, Model B. 
    In Model A, the efficiency of a PV panel was assumed to be constant over the course of a year in 
power calculations, and the effect of temperature variation on efficiency was ignored. In order to do that, 
efficiency is taken to be 12% in Inputs of Type 567. The baseline simulation layout in TRNSYS for 
Model A is shown in Figure 1. 
      In Model B, the efficiency is not constant and varies according to cell temperature, as NOCT 
equations used in the TRNSYS simulation. The NOCT is the cell temperature when solar irradiation is 
800W/m2, ambient temperature is 20 °C, and wind speed is 1m/s. NOCT is formulated empirically based 
on a steady-state approach. In this approach, parameters affecting the PV cell's behaviour and solar 
irradiance are constant within a short time, one hour [19,20].  Typical NOCT values are obtained, and 
they usually range between 40 °C and 50 °C [20,21].  
   The cell temperature and efficiency equations using nominal operating cell temperature (NOCT) 
equations, given in Equation 1 and 2. 
 

        (1) 
 
where I is irradiance, Tc is cell temperature and Ta is ambient temperature. 
 

        (2) 
 
where η is the PV cell efficiency under STC,  ηTr is the efficiency at a temperature of 20 °C, β is the 
temperature coefficient and Tr is the cell reference temperature. 
    In this study, the NOCT equations are preferred as an indicator of cell temperature for the following 
reasons: the NOCT equations are commonly used in the industry; necessary parameters for the equations 
are readily available to users; and cell temperature is under-predicted by the equations when compared to 
actual cell temperature, which results in a lower power output calculation and allows the user to have 
more consistent results with respect to actual temperatures [22]. Four steps have to be taken in Model B. 
First, NOCT equations were written using two TRNSYS calculator. Second, ambient temperature and 
solar radiation from weather data were linked up to the first calculator as an input, and cell temperature 
was calculated. Third, this cell temperature value was linked up to the second calculator as an input, and 
efficiency was calculated. Fourth, the second calculator was linked up to Type 567 as an efficiency- input.  
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Figure 1. The baseline simulation layout in TRNSYS for Model A. 

 
Therefore, when the simulation is run, the calculator computes efficiency for every hour, and these 
efficiency values are used by Type 567. The following values are assumed for given equations: NOCT = 
45 °C, ηTr = 12.9%,   βr = 0.0048 C-1, and Tr = 20 °C. The baseline simulation layout in TRNSYS 
screenshot for Model B is shown in Figure 2. 
 

 
 

Figure 2. The baseline simulation layout in TRNSYS for Model B. 

3.2.1. Validation  
 

   Simulated results were compared with measured data in order to show how the models are reliable. The 
power outputs from models are compared with one day measured data. The PV array was located in City 
of New Brunswick, New Jersey, at latitude  = 40°N and longitude  = 74°W. The tilt is =10° from 
horizontal and the collector azimuth angle is  = 144° (meteorological standard convention). The module 
(TSM-PA05) consisted of 60 multi crystalline solar cells. The module is rated at 230 WP at Standard Test 
Conditions (STC). Ambient temperature, total irradiance and power generation were measured on 
15minutes basis [23]. These measured values were used in Model A and Model B and power outputs 
were calculated. The following TRNSYS components were used in Model A and Model B; Data Reader, 
Radiation Processor and TYPE567 BIPV. The “Data reader” reads data from a data file which contains 
ambient temperature and total radiation. The “Radiation Processor” was used to compute diffuse and 
beam radiation from total radiation. Power output is obtained from TYPE 567 BIPV.    Simulated power 
outputs were compared with measured data at the PV system at the New Jersey for June, 11. The error 
between measured and simulated result is given by: 
 

       (3) 
 
where Cd and Md are the simulated and measured power output. Table 1 shows the error for two models. 
Results indicate that the error reduces when Model B is used. 
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Table 1: Difference between measured and predicted results for models 
 

Models Errors (%) 

Model A 9.46 

Model B 2.25 
 

3.3. Power Difference Evaluation 

   The power outputs for Model A and Model B were plotted for each of 12 months after running the 
models for 236 cities, available from the TMY2 data set. TRNSYS calculates hourly output, so the 
average of the values was estimated from the hourly daylight data in each month. Next, the results were 
compiled on a comparative basis. In order to do this, a percentage difference was determined for each 
month, based on the power production with Model A. Equation 4 was used for this calculation. 
 

   (4) 

3.4. Spatial Interpolation 

    In this study, difference power outputs (%) for 236 cities were mapped out using Geographic 
Information System (GIS) in order to estimate power output differences for other cities in the USA and to 
visualize the spatial variation in power output. TMY2 data for 239 U.S cities can be obtained. Three of 
these cities (Quillayute, WA, SanJuan, PR, and Guam, PI) are not available for GIS. Therefore, all power 
calculations were done for 236 cities. These cities are fairly dense and uniformly distributed throughout 
the USA, so fairly good estimates were obtained. 
    Several interpolation techniques can be used to generate the maps from the distributed data points on 
the 236 USA cities. There are two different groups of interpolation techniques: (1) deterministic 
interpolation techniques such as Spline and Inverse Distance Weighting (IDW) which use mathematical 
functions to predict unknown values, and (2) stochastic interpolation techniques such as kriging and 
Simulated Annealing (SA) that use both analytical and statistical methods to predict unknown values 
based on the spatial auto-correlation among data points. Among those interpolation techniques, kriging 
methods have been widely used in many areas and have showed considerable advantages compared to the 
deterministic interpolation techniques [24]. Kriging is a kind of least-square linear regression algorithm 
that allows the prediction of value locations where data are not available.  
    Kriging may provide reliable estimates of the climate variables including solar radiation in 
homogeneous terrain with similar climate characteristics. However, the reliability of estimates is usually 
reduced where complexity of the topography increases. Therefore, more improved kriging methods have 
been developed by many researchers to consider the complexity of the topography and to improve the 
estimates. One of the improved kriging methods is residual kriging, which considers both global trends of 
available data related to the complex topography and local variations of the estimates [25]. In this study, 
the residual kriging method was used to generate maps because the difference power output data that 
were calculated using TRNSYS have a strong global trend related to latitude-temperature, along with 
local variation due to topography and local climate. The residual kriging method is best suited for this 
study because it can balance the global trend and the local variations of the difference power outputs [26]. 

Power Output Difference: Model B Power
Model A Power

�1 100%
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    There are three steps to use the residual kriging method. First, a deterministic interpolation technique is 
used to create a global trend surface of variables from data points. Next, an ordinary kriging method is 
applied to the residuals (i.e., the differences between the global trend surface and values of available data) 
to generate the surface of residuals. Finally, a map is obtained by combining the global trend surface and 
the surface of residuals. These three procedures were sequentially carried out using the Geostatistical 
Wizard in ArcGIS. For the first step, this study defined the first order trend surface using the Spline 
method to represent the global trend of power output differences. In the second step, a spherical model 
was used to define the semi-variogram models, which can effectively represent the spatial auto-
correlation among data points. Among the semi-variogram models, the spherical model is one of the most 
commonly used models. In the spherical model, auto-correlation decreases with distance and becomes 
zero after some distance. 

4. Results 

4.1. Power Output Differences 

    The influence of the temperature on efficiency is usually ignored and the efficiency kept constant for 
PV power calculations. However, the efficiency changes with respect to temperature, and when 
temperature is considered, PV cells will have very different power output results. As can be seen from 
Figure 3, when ambient temperature increases, the efficiency decreases. Thus, it can be concluded that 
cold climate regions such as PA have higher efficiency rates when compared to relatively hot climate 
regions such as FL. 
   Changes in the efficiency lead to changes in PV power outputs. The power output increases when the 
efficiency increases. Table 2 shows how power output changes with respect to Model A and Model B. 
The efficiency was assumed to be a 12% for Model A, meaning temperature change was not considered, 
when power output was calculated. Temperature change was considered the Model B before power output 
was calculated. For example, the power output for Model B for Pittsburgh, PA is 6.40 W for January, 
whereas it is 5.58 W for Model A. The power output for Model B for Miami, FL is 12.70 W for January, 
whereas it is 12.91 W for Model A. It is more clearly seen in Figure 4. 
 

 
Figure 3. Average ambient temperature and efficiency graphs for Pittsburgh, PA and Miami, FL.    

4.2. Relationships Between Local Temperature and Power Output Difference 

   Figure 4(a) shows the relationship between ambient temperature and power output for the models. 
Figure 4(b) illustrates the power output difference (%), which is obtained using Equation 4, for 
Pittsburgh, PA; Eugene, OR; Boulder, CO; Tucson, AZ; and Miami, FL. It can be concluded that in cold 
climate regions Model B gives higher power output values than Model A, except for the summer months. 
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On the other hand, in hot climate regions, Model B produces lower power output values than Model A, 
except for the winter months. 
 

 
Figure 4. Power output, average ambient temperature and power difference output (%) for PA, CO, OR, AZ and FL. 

 

4.3. Spatial Validation in Power Output Differences  

   The power difference outputs for 236 cities across the USA were calculated, and those values were used 
to produce continuous surfaces of the difference between the two models using spatial interpolation. The 
maps are shown in Figure 5 for each month. It can be seen from the figures that the power outputs 
considerably increase in wintertime for the Northeast and the interior of the USA, whereas they decrease 
a little in summertime. On the other hand, power outputs decrease significantly in summertime for the 
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South and Southwest parts of the USA, whereas they increase slightly in wintertime. Therefore, the 
ambient temperature is a crucial factor that affects the performance of PV cells. Also, maps shows two 
different geospatial trends: a trend parallel to lines of latitude during winter months for the mid-latitudes, 
and a second trend to from the northwest to southeast in summer time. 
 

4.4. Sensitivity Analyses  

 
   Sensitivity-check analyses were needed in order to verify the validity of the simulation. Thus, values for 
two variables, tilt and absorptance were individually changed in the TRNYS model. Then the models 
were run for each variable for 13 cities, which were determined by considering the distribution of  
power-output difference. These 13 cities were classified into three groups: high, medium, and low ratios, 
according to power output difference ratios. Three different scenarios were used for sensitivity analyses. 
First, only the tilt was changed so as to be equal with latitude values, and the absorptance value was kept 
the same. Second, the tilt values were taken from Christensen and Barker [27], and the model was run 
with respect to those tilt values. Christensen and Barker calculated optimal surface tilt angles for the U.S. 
by using latitude, climate factor and annual average clearness index values. Finally, the absorptance value 
was changed to 0.7 and tilt was kept the same. For every scenario, Model A and Model B were simulated 
for 13 cities and percentage-difference power outputs were calculated using Equation 4. The results for 
each variable were well matched when compared to the main results. 
 

5. Conclusion  

    Two models were developed (the temperature independent model, Model A; and the temperature 
dependent model, Model B) in order to show the effect of temperature on PV systems. These models were 
developed using TRNSYS. In Model A, the efficiency was assumed to be constant throughout the year. 
Model B was developed using empirical correlations found in the literature where the effect of 
temperature on PV was considered. Relative to NOCT measured conditions the two models were 
executed for 236 cities across the USA by using TMY2 weather data calculating discrete outputs of 
power density (W/m2), given irradiance and ambient temperature conditions. The simulated results were 
compared with measured data on a daily basis. The results agreed closely with measured data and the 
lower error occurred when Model B is used. The error between measured and simulated power outputs 
was found 9.46% and 2.25% for Model A and Model B, respectively. The comparisons between the two 
models were made through TRSNYS simulation. Continuous surfaces of the difference between the two 
models were produced using ArcGIS software.  
    Power outputs increased considerably during wintertime for the Northeast and the Midwest regions of 
the USA (16%-20%), whereas they decreased only slightly in summertime (-4%) when Model B is 
applied. On the other hand, for the South and Southwest of the USA, power outputs decreased 
considerably in summertime (-12%-15%), with only a slight relative increase in efficiency during the 
wintertime (5%) when Model B is applied. An important result of the maps shows two different 
geospatial trends: a trend parallel to lines of latitude during winter months for the mid-latitudes, and a 
second trend to from the northwest to southeast in summer time..  These differences in trends are highly 
correlated to the monthly temperature pattern in US. The pattern of temperature is parallel to latitude in 
winter and not parallel to latitude in summer. Also, the relation between monthly ambient temperature 
and efficiency is analyzed. It has been observed that when ambient temperature increases, the efficiency  
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Figure 5. Power output differences between Model A and Model B. 
 

 
decreases. Northeast of the U.S.A. has higher efficiency rates when compared to relatively hot climate 
regions such as south of the U.S.A. 
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