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A B S T R A C T   

Installing photovoltaic panels (PV) on household rooftops can significantly contribute to mitigating anthropo-
genic climate change. The mitigation potential will be much higher when households would use PVs in a sus-
tainable way, that is, if they match their electricity demand to their PVs electricity production, as to avoid using 
electricity from the grid. Whilst some have argued that owning PVs motivate households to use their PV in a 
sustainable way, others have argued that owning a PV does not result in load shifting, or that PV owners may 
even use more energy when their PV production is low. This paper addresses this critical issue, by examining to 
what extent PV owners are likely to shift their electricity demand to reduce the use of electricity from the grid. 
Extending previous studies, we analyse actual high frequency electricity use from the grid using smart meter data 
of households with and without PVs. Specifically, we employ generalized additive models to examine whether 
hourly net electricity use (i.e., the difference between electricity consumed from the grid and supplied back to the 
grid) of households with PVs is not only lower during times when PV production is high, but also when PV 
production low, compared to households without PVs. Results indicate that during times when PV production is 
high, net electricity use of households with PV is negative, suggesting they sent back excess electricity to the 
power grid. However, we found no difference in net electricity use during times when PV production is low. This 
suggests that installing PV does not promote sustainable PV use, and that the mitigation potential of PV in-
stallment can be enhanced by encouraging sustainable PV use.   

/ 

The global consensus today states that climate change is very likely 
due to human activities [12]. The main driver of climate change is 
increased emissions of greenhouse gases such as carbon dioxide, which 
are largely caused by burning fossil fuels to meet energy needs. 
Continued emissions of carbon dioxide is likely to increase the occur-
rence of extreme events such as heat waves, droughts, floods, cyclones 
and wildfires, causing damage to fragile ecosystems. It is therefore 
imperative to mitigate climate change by curtailing emissions of carbon 
dioxide into the atmosphere. 

Households can reduce their carbon emissions in different ways, 
including using low carbon energy sources, investing in energy effi-
ciency, and reducing the use of energy [3,25]. Investing in renewable 
electricity technologies such as photovoltaic panels (PV) can be partic-
ularly effective, as this implies households would not emit carbon di-
oxide while generating electricity [15]. Yet, installing PV will be an even 

more effective mitigation strategy when households would utilize their 
PV in a sustainable way [11]. Notably, they can adjust their electricity 
use to their self-generated electricity as much as possible, as to reduce 
the use of electricity from the grid that is oftentimes still produced by 
fossil fuels [21]. 

Households could use their PV in a sustainable way by using elec-
tricity mostly when the sun is shining, and by reducing electricity use at 
times when the sun is not shining and PV production is low. Addition-
ally, households could try to reduce their electricity use at peak times (e. 
g., early evening), as most PV installations are not able to provide all 
electricity needed to meet such peak demand (also referred to as flat-
tening the duck-curve; Denholm et al. [4]). In addition to further 
contributing to mitigating climate change, such behaviour changes 
would enhance the stability and reliability of the power grid and reduce 
transmission and efficiency losses that may occur when excess 
self-generated electricity is sent to the power grid and when electricity is 
used from the grid [5,9,21]. In this paper, we focus on one indicator of 
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sustainable PV use: reducing electricity consumption from the grid when 
PV production is low. 

Literature provides competing arguments on the likelihood that 
households with PV would use their PV in a sustainable way [11,23]. On 
the one hand, it has been argued that installing PV increases the likeli-
hood that households are aware of the impact of their energy use on the 
environment, which in turn encourages them to use their PV in a sus-
tainable way, including using less electricity from the power grid, and 
using electricity particularly when the sun is shining [10,21]. Indeed, a 
few studies suggest that households with PV tend to engage in sustain-
able PV usage and shift their electricity consumption to periods of high 
PV production [6,8]. 

Yet, others have argued that installing PV may not necessarily in-
crease the likelihood of sustainable PV use, because doing so may prove 
more difficult than people anticipated [13,14,16,20,29]. In fact, some 
researchers have even argued that engaging in one sustainable energy 
saving behaviour (such as installing PV) may lower the motivation to 
engage in other sustainable energy behaviours (such as using their PV in 
a sustainable way) [26]. Specifically, installing PV panels may give 
people the moral license to engage in unsustainable energy behaviours, 
as they may believe they already did their bit, thereby increasing overall 
energy consumption [21]. 

Hence, the limited studies so far provide contradictory arguments 
and do not provide a clear answer to the question to what extent 
households with PV are likely to use their PV in a sustainable way. 
Moreover, previous studies typically have relied on self-reports to 
measure sustainable use of PV, which may not reflect their actual sus-
tainable PV use. 

To address this gap in the literature, we aim to study to what extent 
households with PV use their PV in a sustainable way by analysing 
actual electricity usage data obtained from smart meters. Specifically, 
we aim to compare the actual net electricity use patterns, which we 
define as the difference between electricity consumed from the grid and 
supplied back to the grid, of households who installed PV and house-
holds who did not install PV. We focus on net electricity use during low 
PV production periods, as this is a clear indicator of sustainable PV use, 
as it reflect to what extent PV owners are likely to avoid using electricity 
from the grid. Most approaches using actual energy data examine dif-
ferences in average electricity consumption by aggregating the data over 
a certain time span (e.g., a day, month or year). Yet, importantly, 
aggregating electricity usage does not allow to address the question of 
whether households use their PV in a sustainable manner. Therefore, in 
this paper, rather than aggregating household electricity usage on a 
daily, monthly or yearly level, we use generalized additive models 
[GAM; 7,30], which allow us to examine the dynamics in electricity 
patterns using actual high frequency electricity usage data. In this paper, 
we aim to demonstrate the use of GAM to model these type of data, and 
to address questions related to electricity use patterns. Specifically, we 
use a GAM to examine whether households with PV consume less elec-
tricity from the power grid than households without PV during moments 
of low PV production. We assume that a lower net electricity con-
sumption of PV owning households (in comparison to non-PV owning 
households) during moments of low PV production indicates that PV 
owning households utilize their PV in a sustainable way, as this indicates 
they avoid using electricity from the grid that may have been produced 
by fossil fuels. 

1. Methods 

We collected smart meter electricity data from members of com-
munity energy initiatives in the Netherlands that are part of the 
’Buurkracht’ network [2]. Each initiative is unique, as they are based 
within, and limited to, a local community, and run by local volunteers. 
The size of these local communities varies greatly (between 115 to 2256 
households), and the initiatives choose their own approach to encourage 
sustainable energy behaviours in their community. The number of 

members ranges between initiatives with on average about 10% of 
households being involved in a Buurkracht initiative. Previous research 
[22] comparing members and non-members of 29 Buurkracht initiatives 
showed that members and non-members do not differ in level of edu-
cation and income, but members are more likely to be men, compared to 
non-members. Furthermore, members see themselves as more 
pro-environmental than non-members, and find sustainable energy 
more important. Members also report to engage in more sustainable 
energy behaviors, and report higher sustainable energy intentions and 
pro-environmental intentions then non-members. Hence, our sample is 
not fully representative of the communities in which Buurkracht ini-
tiatives were established. Yet, similar factors appear to be related to 
sustainable energy behaviors of members and non-members of these 
initiatives [1]. 

In total 4044 households participated in Buurkracht, of which 1159 
(29%) installed PV on their roofs. All Buurkracht members have a smart 
meter which measures their electricity consumption every 15 minutes. 
In addition to recording the electricity consumed from the power grid, 
the meter records the electricity supplied back to the power grid when 
the PV generates more electricity than used at that moment. Similar to 
how electrical utilities process net-metering data, we take the difference 
between the two readings to obtain the net electricity consumption. The 
final dataset consists of net electricity consumption of 4044 households. 
For each household, we have access to net electricity consumed every 
15 min over a period of 2 years (January 2015 to December 2017). 

Because of limits to the computational capacities, we could not 
analyze the full dataset. Notably, the resulting dataset consists of nearly 
three hundred million rows (283,403,520); analyzing sustainable PV 
usage using this dataset would require substantive computing resources. 
Therefore, we randomly selected 700 households from the original data 
set1 such that half of the sample consists of PV-owning households and 
the other half consists of non-PV owning households. Running the full 
analysis on this sample, resulting in approximately fifty million records, 
took 2 days and 6 hours to complete on a high-performance computer 
cluster with 24 cores (Intel Xeon 2.5 GHz) running in parallel with 
120GB of memory. 

1.1. Data analyses 

Data were analysed with GAM [7,30] can be perceived as a regres-
sion model that can model linear and non-linear relationships between 
variables. A key feature of GAMs is that so-called smooth terms are used 
to describe relationships between the predictor and outcome variables. 
In this study, net electricity usage is included as the outcome variable 
and time-of-use, specifically the hour of the day and month of the year, 
are included as predictor variables. Unlike common ways of describing 
non-linear relationships (e.g., using polynomial regression), GAMs are 
flexible and do not require researchers to specify the particular shape or 
order of the non-linear relationship between the predictor variables and 
the outcome variable (for example, the order of a polynomial). but they 
rather estimate the shape of the relationship from the data. Moreover, 
the estimation methods used ensure that the relationships found are 
accurate and generalizable beyond the sample. It is beyond the scope of 
this paper to provide a comprehensive introduction to GAMs, readers are 
guided to Hastie and Tibshirani [7] and Wood [30]; and to Wieling [28] 
and Sóskuthy [24] for tutorials on how to use these models. 

Using GAMs, we compare the net electricity usage patterns of 
households with and without PV in two ways. First, we show static 
nominal (or intercept) differences in electricity use that indicates 
whether households with PV, on average, indeed have a higher or lower 
net electricity consumption than households without PV. Second, to test 
whether households with PV use their PV in a sustainable way, we 
examined differences in the dynamics of electricity consumption, 

1 the upper limit that was feasible given our computational constraints. 

N. Bhushan et al.                                                                                                                                                                                                                               



Energy and Climate Change 2 (2021) 100052

3

reflecting whether the net electricity usage pattern of households with 
and without PV differs across the day and year, especially in moments of 
low PV production. In this paper, we illustrate how the GAM compre-
hensively answers both questions. 

We use hourly intervals as it ensures that we accurately capture 
differences in net electricity usage patterns across a day and in partic-
ular, at moments when PV production is low and high. We included a 
categorical variable indicating if the household has a PV or not as pre-
dictor variable. Specifically, we code the presence of PV as an ordered 
factor with level 0 (no PV) as the reference level. Exploratory analyses 
indicated that there is considerable variability in net electricity usage 
patterns across a day between households, suggesting that random ef-
fects may have to be included in the model (Sóskuthy, 2017). Using the 
generalized additive mixed modelling framework, we allow for 

systematic variation in daily net electricity usage patterns between 
households by including random smooths (see Fig. 1). Adding random 
smooths leads to more accurate results (Sóskuthy, 2017; Wieling, 2018) 
and we observe in our study that it does improve the model fit (see 
Table A1 in the supplementary materials). 

Next, as we are analyzing longitudinal data, observations within 
households are probably not independent. Following Sóskuthy [24] and 
Wieling [28], we accounted for the dependencies in the model residuals 
using two measures; (i) including the net electricity consumption of the 
previous day at a given hour as a predictor; and (ii) using an 
auto-regressive model on the residuals. Model checks based on residual 
plots (see Fig. B1 in the supplementary materials) showed that these two 
measures were adequate to ensure that the model residuals are inde-
pendent, implying that the model provides a good fit to the data. 

All analyses were carried out using R [17] in RStudio [18]. As less 
than 5% of the data were missing at random, estimation was carried out 
on complete cases. This is known to lead to accurate estimates without 
loss of information [19]. We estimated the GAM using the bam function 
in the R-package mgcv [31]. The model results were visualized using the 
R-package itsadug [27]. The R-code to reproduce the analyses can be 
found in the supplementary materials. 

Fig. 1. Estimated electricity usage patterns across a day in June (random smooth terms) for 30 households picked at random from the sample. Note that the random 
smooth terms are centered along the grand mean. 

Table 1 
Estimated regression parameters, smooth terms, random effects, and P-values for the generalized additive mixed model. The intercept term indicates the nominal 
electricity consumption of non-PV owning households (every 15min). The PV parametric term indicates the nominal difference in net electricity consumption whereas 
the dynamic effects in boldface indicate the differences in electricity usage patterns between PV owning and non-PV owning households across the day and year.  

Nominal effects Estimate Std. Error t-value  p-value  

(Intercept) 0.076 0.003 25.146 < 0.0001  
effect of installing PV -0.054 0.004 -12.654 < 0.0001  
time-lagged predictor 0.150 0.0002 837.009 < 0.0001  
Dynamic (smooth) effects edf Ref.df F-value p-value 
hour of day 19.087 21.000 93.256 < 0.0001  
hour of day : difference smooth 19.113 21.000 239.399 < 0.0001  
month of the year 8.957 9.000 3182.847 < 0.0001  
month of the year : difference smooth 8.972 9.000 11765.897 < 0.0001  
month × hour of day  209.538 218.475 107.523 < 0.0001  
month × hour of day : difference smooth  208.705 218.111 582.315 < 0.0001  
Random effects 14919.779 16099.000 134.166 < 0.0001   

Table A1 
Model comparison using the AIC. Lower AIC indicates better fit.  

Model df AIC 

M1 62.32 -9,863,049.93 
M2 413.77 -10,086,602.90 
M3 14979.57 -13,743,168.82  
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2. Results 

Not surprisingly, the nominal effects indicate that the overall net 
electricity use by households with PV is significantly lower compared to 
households without PV (β = -0.054, t(697) = -12.654, p < 0.0001). This 
suggests that households with PV, on average, indeed consume less 
electricity from the grid than households without PV, indicating that 
they produce a substantial proportion of their electricity themselves via 
their PV. 

Next, the smooth terms estimated by the model indicated that there 
is a significant difference in the net electricity consumption patterns 
between households with and without PV across days and months. As, 
unlike nominal effects, dynamic (smooth) terms are hard to interpret 
(see Table 1), we use graphs and visual methods to interpret these non- 
linear dynamic terms (following Wood [30] and Wieling [28]). 

Fig. 2 displays the dynamical effects, representing households’ net 
energy consumption patterns across a day, and how these patterns 
depend on the months of the year. In Fig. 2, the yellow region indicates 
high and positive net electricity consumption (reflecting that households 
use electricity from the grid) and the blue region indicates negative net 
energy consumption (reflecting that households provide excess self- 
generated electricity back to the grid). Fig. 2 suggests that differences 
in the dynamics of net electricity consumption between households with 
and without PV seem to be largely due to time-of-use and seasonal ef-
fects rather than differences in net electricity use. Specifically, as may be 
expected, in moments of high PV production (midday: April to 
September) we observe large differences in net electricity consumption 
between households with PV and households without PV. During these 
periods households with PV produce more electricity than they 
consume, which means they sent back electricity to the power grid. 

Interestingly, little to no significant differences are observed during 
moments of low PV production, that is, in the evenings. This is indicated 
by the very similar patterns (contour lines) of net electricity use during 
these periods of low PV production for households with PVs and 

households without PV in Fig. 2. These results suggest that households 
with PV do not shift their electricity use to moments of high PV pro-
duction, indicating they do not or hardly seem to use their PV in a 
sustainable way. 

Furthermore, interestingly, the model indicates that during January, 
households with PV do not send any electricity back to grid during 
moments of high PV production and consume more electricity than non- 
PV owning households during moments of low PV production, in 
particular during the evening peak (see Fig. 3). However, we do not 
observe this effect in the other months (graphs indicating smooth terms 
for all months can be found in Fig. D1 in the supplementary material). As 
the magnitude of the difference is small and close to zero, it is possible 
that this effect is not practically relevant. At any rate, we stress that the 
evidence presented here for negative effects of prosuming is inconclu-
sive and warrants further research. 

3. Discussion 

The installment of photovoltaic panels (PV) is seen as an important 
action to mitigate anthropogenic climate change. Yet, the mitigation 
potential of PV is much higher when households would use their PV in a 
sustainable way, by matching their energy demand to their PVs elec-
tricity production. Sustainable use of PV implies that households that 
have installed PV avoid using electricity from the grid, by using elec-
tricity mostly when the sun is shining, and reduce electricity use at times 
when the sun is not shining and PV production is low. 

We aimed to address this critical issue by using a novel approach. 
Notably, we investigated to what extent PV owners use their PV in a 
sustainable way by analyzing actual net electricity use data across the 
day and year via GAMs, which is an accurate method to analyze dy-
namics in electricity use of different groups. Specifically, we analyzed 
net electricity use patterns, reflecting the difference between electricity 
consumed from the grid and supplied back to the grid, by using high 
frequency electricity data obtained from smart meters of households 

Fig. 2. Estimated daily and monthly electricity usage patterns between households with and without PV in the Netherlands. The yellow region indicates high and 
positive net electricity consumption (reflecting that households use electricity from the grid) and the blue region indicates negative net energy consumption 
(reflecting that households provide excess self-generated electricity back to the grid). (For interpretation of the references to colour in this figure legend, the reader is 
referred to the web version of this article.) 
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with and without PV. The results show that overall, not surprisingly, 
households with PV use less electricity from the grid, and actually sent 
electricity back to the grid, when PV production is high. However, 
importantly, we found no significant differences in net electricity use 
between households with and without PV at times where PV production 
is low. This suggests that households with PV are not using their PV in a 
sustainable way at these times, and that the mitigation potential of PV 
can be increased when encouraging load shifting behaviour among PV 
users. 

The results of the current study suggest that while the adoption of PV 
seems not to inhibit sustainable electricity use (as PV owners did not use 
more electricity when PV production is low), it also does not foster it. 
Hence, our findings do not support the reasoning that PV owners are 
likely to use their PV in a sustainable way because they become more 
aware of the impact of their energy use on the environment, and become 
more motivated to act sustainably in general [29]. Instead, our finding 
corroborate with earlier studies based on self-reports that revealed that 
households with PV generally do not use their PV in a sustainable way 
[14,16]. 

An important topic for future research is to understand why house-
holds with PV do not shift electricity use to times when their PV pro-
duction is high. It has been suggested that households with PV find it 
difficult to engage in sustainable PV use [13,20], but other factors may 
play a role too. Importantly, our results suggest that patterns in net 
electricity usage across a day varies between households. Future studies 
could examine which factors predict such differences in net electricity 
use patterns among PV owners. For example, it could be that PV owners 

are more likely to use their PV in a sustainable way when they are more 
motivated to act sustainably, for example when they more strongly 
endorse biospheric values and when they have a stronger environmental 
self-identity, or when they more strongly believe sustainable PV use 
would contribute to mitigating climate change [25]. Future research 
could examine to what extent different psychological and 
socio-demographic characteristics can explain differences in net elec-
tricity use patterns of households that installed PV. Such research would 
provide important insights in how to promote sustainable PV use, by 
targeting its key antecedents. 

Importantly, the present study extends these previous findings on 
self-reported energy use, by examining the dynamics in actual electricity 
usage patterns using high-frequency electricity consumption data. 
Notably, GAMs allow for an in-depth examination of the dynamic pat-
terns across the day and months of a year, and a comparison of the net 
electricity usage patterns between PV owning households and non-PV 
owning households during moments of high and low PV production, 
which provide accurate insights into the extent to which households are 
likely to use their PV in a sustainable way. We analyzed net electricity 
use, reflecting the difference between self-generated electricity and 
electricity use from the grid, as a key indicator of sustainable PV use. 
Future studies could examine differences in electricity use patterns in 
more detail, by considering total electricity use and electricity produc-
tion separately. Analyzing PV production data and electricity use data 
separately can provide additional insights in differences in electricity 
use among groups. 

Fig. 3. Estimated dynamic electricity usage patterns of households with and without PV in the Netherlands for winter and summer periods. The second panel 
displays the difference between the patterns of PV owning and non-PV owning households based on 95%-confidence intervals. When the confidence intervals do not 
overlap, it implies a significant difference in net electricity use patterns, indicated by vertical dotted red lines. (For interpretation of the references to colour in this 
figure legend, the reader is referred to the web version of this article.) 
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Our findings have important implications for climate and energy 
policy. Our results suggest that PV owners do not try to reduce electricity 
consumption at times where PV production is low. Making households 
aware of this, and providing them with tips on how to better match their 
electricity use with the production of electricity by their PV may help 
them to reduce their environmental impact even more. To this end, our 
results suggest it is also critical to encourage and enable households that 
installed PV to match their electricity consumption to the production of 
electricity by their PV as much as possible. This may promote sustain-
able use of PV and reduce the need for fossil-fuel powered plants and 
help maintain or even enhance grid stability. An important question to 
be addressed in future research is which strategies are most effective to 
promote sustainable PV use. 

4. Conclusion 

In conclusion, we employed a novel statistical tool, GAM, to compare 
the dynamic patterns of net electricity usage of households with and 
without PV, and found that households with PV do not seem to use their 
PV in a sustainable way by reducing their electricity use when PV pro-
duction is low. This suggests that the mitigation potential of PV can be 
enhanced by encouraging PV owners to matching their electricity de-
mand better to electricity generated by their PV. 
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Appendix A. Model construction 

We started with a simple model and made it more complex in steps. 
Moreover, as we are interested in differences between PV and non-PV 
owning households, PV: Yes/No is always included as a fixed effect. In 
the first model M1, we included hours of the day and month of the year 
as independent fixed effects. Because they are added as independent 
terms, the electricity usage patterns across a day does not depend on the 
month of the year. In model M2, we included the interaction between 
the daily and monthly usage patterns i.e., the electricity usage patterns 
across a day depending on the month of the year. In the third model M3, 
we added random effects which allows each household to have its own 
daily electricity usage pattern. Following Wieling [28] and Sóskuthy 
[24], we use the Akaike Information Criteria (AIC) to compare these 
models where a lower AIC indicates a relatively better fit. Table A1 
displays the AIC scores for each model. We notice that the full model 
including random effects (M3) fits the data best. 

Appendix B. Residual plots   

Fig. B1. The left panel displays the auto correlation function (ACF) of the model residuals. The strong auto-correlation pattern we see here clearly violates the model 
assumptions of independence of residuals. The right panel displays the residual ACF after explicitly including a time-lagged predictor and an auto-regressive model. 
The relatively low levels of autocorrelation in comparison to the left panel indicates this has resolved the issue of residual autocorrelation. 
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Appendix C. Smooth effects for all months of the year  

Figure C1 

Fig. C1. Estimated daily electricity usage patterns between PV owning and non-PV owning households for months of the year.  
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Appendix D. Difference smooth effects for all months of the year  

Figure D1 

Fig. D1. Difference smooths for testing significance based on 95%-confidence intervals. When the intervals do not overlap, it implies a significant difference between 
electricity usage patterns and is indicated by vertical dotted red lines. (For interpretation of the references to colour in this figure legend, the reader is referred to the 
web version of this article.) 
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