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Design of District-level Photovoltaic Installations
for Optimal Power Production and Economic
Benefit

Matteo Orlando, Lorenzo Bottaccioli, Sara Vinco, Enrico Macii, Massimo Poncino and Edoardo Patti
Politecnico di Torino, Turin, Italy. Email: name.surname @polito.it

Abstract—PhotoVoltaic (PV) installations are a widespread
source of renewable energy, and are quite common urban
buildings’ roofs. To soften both the initial investment and the
recurrent maintenance costs, the current market trends delegate
the construction of PV installations to Energy Aggregators, i.e.,
grouping of consumers and producers that act as a single entity
to satisfy local energy demand and to sell the surplus energy to
the grid. In this perspective, PV installations can be designed
with a larger perspective, i.e., at district level, to maximize power
production not of a single building but rather of a number of
blocks of a city. This implies new challenges, including efficient
data management (the covered area can be squared kilometers
wide) and optimal PV installation (the number of PV modules
can be in the order of hundreds or even thousands). This
paper proposes a framework to combine detailed geographic and
irradiance information to determine an optimal PV installation
over a district, by maximizing both power production and economic
convenience. Our simulation results run on a real-world district
prove that the framework allows an advanced evaluation of costs
and benefit, that can be used by Energy Aggregators to design a
new PV installation, and demonstrate an improvement on power
generation up to 20% w.r.t. standard installations.

Index Terms—Photovoltaic installation, PV design, PV opti-
mization, GIS-based design, Zero-Energy District.

I. INTRODUCTION

Among the various Renewable Energy Sources (RES), Pho-
toVoltaic (PV) energy generation is one of the most interesting
solutions, with an estimated market share of 25% of power
generation achieved through PV installations by 2050 [1].

The adoption of PV installations is currently encouraged
also by the novel market prosumer paradigm: energy con-
sumers become also producers, as their residential RES instal-
lations not only meet user demand, but generate a potential
surplus production that can be sold to the energy grid [2].
While being a promising solution, applying the prosumer
paradigm to a single household is not always a viable solution:
householders may not afford the cost of installation and
maintenance of a PV installation, or may not be willing to
make a financial investment in light of possible future earnings.

To overcome this problem, the current market solutions
operate at the district level, where a number of buildings
cooperate to constitute a larger PV installation and an Energy
Aggregator (EA) aggregates the overall energy demand and
takes care of selling the surplus production to the grid [3].
In this way, single prosumers do not need to care about
the investment and the management of the PV systems, still
achieving the advantages of potential energy independence [4].

To fully benefit from the new market paradigms, the EA
must carefully design the PV installation in the area of interest,
so to fully exploit its solar potential. Buildings indeed project
shadows that generate heavy partial-shading effects, thus re-
ducing the efficiency of PV power generation and requiring
a careful trade-off between the size of installation (with the
consequent costs) and the return of investment generated by
power generation [5]: it is often the case that a larger PV
installation does not lead to larger earnings, as an effect of a
larger initial investment and of an ineffective power production
in a portion of the installation area, subject to shading effects.

In this scenario, identifying the most suitable roofs of a
district to achieve optimal PV power generation and deter-
mining the corresponding optimal PV installation is a relevant
problem. Not only the problem is complex, but it also requires
different skills, ranging from shadow forecast, to PV power
generation and optimization, and economic estimation of the
return of investment. This work proposes solution to such a
complex scenario with a framework that works at district level
to determine the optimal PV installation from the perspective
of both costs/benefit trade-off and of production efficiency.

The novelty of this work lies in the following contributions:

o a GIS-based approach is used to evaluate the evolution of
irradiance and temperature over the roofs of a district over
one year, by achieving a good spatial resolution (1m) to
allow an accurate estimation of the operating conditions
of a possible PV installation, still operating on a wide
urban area (in the order of squared kilometers);

« the identification of the optimal placements of PV mod-
ules over the district, achieved by considering the roofs of
district as a whole, i.e., allowing to connect PV modules
located on contiguous roofs of different buildings;

e an economic analysis to determine the payback time of
the PV installation;

o a trade-off analysis that considers the payback time and
the return of investment of the installation, different sizes
of the PV installation and allowing different levels of PV
efficiency, to determine the most suitable and the most
economically convenient solution in the interest of the
EA;

« the application to a district located in Turin, Italy, that
will prove an improvement of power production of up
to 20% and of 25% of payback time w.r.t. a traditional
installation.



The paper is organized as follows. Section II reviews rele-
vant literature solutions, and section III provides the necessary
background on PV power generation. Section IV presents the
proposed methodology. Section V discusses the experimental
results. Finally, Section VI provides our concluding remarks.

II. STATE OF THE ART

The placement and installation of PV power sources has
been widely studied in the literature, with the goal of both
optimizing power production and sizing, and its relation with
the grid [6]-[8]. In this scenario, the adoption of Geographic
Information System (GIS) technologies is essential to enable
the simulation of PV production in real urban environments,
starting from either a Digital Surface Model (DSM) or a 3D
city model of the area of interest [9]-[11]. The works in [12]-
[14] analyze the potential energy production of wide areas,
such entire islands or regions: they use GIS tools to extract
irradiance information about the area of interest, to estimate
the most promising portion for PV installation. Their analysis
however does not take into account roofs, but it rather focuses
on geographic areas. The works proposed in [9], [15] focus
on a smaller scale, i.e., district-level, to estimate the solar
potential of different roofs and calculate the expected energy
production. However, both these works estimate the energy
production considering a standard PV installation, without
taking advantage of fine grained information to maximize such
production. Other works, like [16], [17], further restrict the
perspective to a single roof: they uses detailed historical data
of irradiance to evaluate the best rooftop PV installation by
focusing on single household installations, thus not taking the
full advantage of the district-level perspective.

With respect to the literature, this work proposes a frame-
work to investigate a relatively wide area of a urban context
(~ 1.7km? in our experimental analysis) to find a possible
optimal configuration of a PV installation. The framework
exploits a high resolution Digital Surface Models (DSM) and
historical weather data to identify the most promising positions
for PV installation, considering the possibility to connect PV
modules located on contiguous roofs. Each explored solution
is used to make an estimation of its Payback Time (PT) to
provide a tangible economic indicator for the EA, that thus
can take full benefit from the installation in terms of return of
investment and of generated power.

III. PHOTOVOLTAIC POWER GENERATION

A PV module is an assembly of photo-voltaic cells using
solar irradiance as a source of energy to generate direct current
electricity. A PV module is described by a voltage-current
(I-V) characteristic curve (left of Figure 1, black lines), which
changes as a function of the irradiance G: current and voltage
production increase proportionally to G. The maximum of
the corresponding voltage-power (P-V) curves (grey lines)
corresponds to the optimal conditions for extracting power,
given the current irradiance.

In any PV installation PV modules are typically connected
in series or in parallel to achieve the desired voltage and
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Fig. 1. Typical voltage-current (I-V, black) and voltage-power (P-V, gray)

curves of a PV module [18] (left), and impact of partial shading on the series
or parallel connection of PV modules (right).

current levels (right of Figure 1). The typical connection is
organized as a number of parallel strings, each composed of
the same number of PV modules connected in series.

If two connected PV modules work with the same input
irradiance, then their connection doubles the output power
production. However, this is rarely the case, above all in
urban areas where obstacles such as chimneys, surrounding
buildings, trees, etc project shadows and determine a hetero-
geneous distribution of irradiance [19]. Shading is critical for
PV installations, as the least irradiated PV module acts as
a bottleneck on power production: the higher the variance
of irradiance, the higher the power loss (right of Figure 1).
When PV modules are connected in series, the least irradiated
module will provide the smallest current; when PV modules
are connected in parallel, the PV module with lowest voltage
will determine the voltage of all connected PV modules.

IV. METHODOLOGY

The goal of the paper is to find the best possible configu-
ration for a PV installation for a district of a city, considering
the possibility to connect PV module across contiguous roofs.
The solution adopted to achieve this result is based on five
main steps. The first step identifies the area of the district
suitable for the installation of PV modules. Then, we proceed
with the generation of the traces of G and T for the whole area
with a fine time and space resolution (A). In the second step,
we evaluate a statistical measure to find which points of the
suitable area are the most illuminated during the year, and thus
the most promising from the perspective of power production
(B). The third step consists in the placement of PV modules
to find the optimal configuration (C). Given such a placement,
we evaluate the yearly production (D) and the payback time
(E) to allow comparison between different solutions.

A. Suitable area and irradiance

Starting from a Digital Surface Model (DSM) of the dis-
trict, the algorithm identifies possible encumbrances and the
corresponding evolution of shadows to find areas which could
be used for the deployment of the PV installation.

To process the DSM, we used GDAL [20], a translator
library for raster and vector geospatial data formats. This



allowed to identify the surfaces (i.e., roofs) that maximize
power production in terms of tilt angle and orientation, de-
pending on the geographic location of the district. In our case
study, we generated two raster images in GeoTIFF format:
one to store the data describing the roof slope and the other
to store the data of the aspect for the area under test. Then we
processed these two files to extract the surfaces with a slope
between 15 and 36 degrees and aspect value between 240 and
300 degrees in order to have roof pitches oriented towards
South, configuration that guarantees optimal sun exposition
and potential PV production [21]. Top of Figure 2 shows an
example roof (pink) to highlight how the area that is suitable
for PV installation resulting from this step (purple) is only a
portion with respect the whole area.

Fig. 2. Example of total area of a roof (pink), area suitable for PV module
placement (purple), and DSM points covered by the area (yellow) (top), and
corresponding 75th percentile over one year of the suitable area (bottom,
darker areas are subject to more shading and thus to lower irradiance).

Each identified suitable area is then annotated with the
inclination and the aspect of its roof pitch. Those areas are then
intersected with cadastral maps to annotate the average height
of the roofs. This information is extremely useful as the height
difference of contiguous roofs must be taken into account
when the placement algorithm is executed, to allow installation
of connected PV modules on different roofs without incurring
in high dispersion of the produced power.

The areas are then sampled with the same resolution of
the DSM (i.e. 1m). The result of this sampling is shown
in top of Figure 2, where each point (yellow) corresponds
to a pixel of the DSM model that resides within the area.
Using these points, we are able to determine the evolution
of irradiance over time from yearly weather data by using
the shadow model developed in [22]. Using georeferenced
points allows to generate and store data only for the areas
that could actually be exploited for the installation of the PV
modules. This is a key point of the proposed approach, as it
allows to optimize the amount of data that must be generated,
memorized and handled thus guaranteeing an optimal trade-
off between the size of the district of interest (that can be of
a number of squared kilometers) and achieving at the same
time a fine-grain representation of the solar evolution of the
suitable areas over time.

B. Performance pre-evaluation

The next step consists of identifying the most irradiated
portions of the suitable areas, that are the most promising
positions for the installation of PV modules. The suitable
area is explored by considering all possible placements of a
PV module inside of the area. The yearly trace of irradiance
of a position is derived from the DSM by considering the
traces for the DSM point covered by the PV module. In case
there are multiple points, for each time instant we consider
the minimum value of the irradiance over all the traces, to
reproduce the bottleneck effect described in Section III.

To get a compact signature and allow easy comparison of
positions, we use the 75th percentile of irradiance, i.e., the
value below which 75% of samples of a yearly irradiance
traces fall. The 75th percentile thus allows to discriminate
between highly irradiated and poorly irradiated positions,
as larger values of the percentile identify positions whose
irradiance trace distribution is more skewed towards the upper
range of the irradiance values, i.e., that are more irradiated and
more promising for PV power production. Figure 2 exemplifies
this process by showing a suitable area and its heat-map,
where whiter points corresponds to a higher value of the 75th
percentile (i.e., more irradiated points).

The PV module positions are then sorted by decreasing
value of the 75th percentile. The user is now allowed to give a
threshold value minT'h representing the minimum value of the
percentile that is accepted for PV placement. The experimental
analysis will prove the impact of this choice on the resulting
identified solution. All positions with 75th percentile lower
than minTh are now excluded from the suitable area, as
the performance indicator identifies them as non-promising
locations from the perspective of PV power generation. The
resulting suitable area represents the area that can be occupied
by PV modules to achieve optimal power generation.

C. Optimal Placement algorithm

The third step consists of the identification of an optimal
placement for the identified suitable area, given the list of PV
module positions sorted by decreasing value of 75th percentile.

The algorithm starts from the position with highest 75th
percentile, and goes through the sorted list to identify other
positions that can be used, given the following constraints:

« no overlap with already placed PV modules;

o distance from the already placed PV modules below a
threshold maxD;

« height difference w.r.t. already placed PV modules below
a threshold maxH.

The constants maxD and maxH are determined by the user
and they allow to connect PV modules placed on contiguous
roofs or roof pitches, but ensure that the necessary cables do
not generate high dispersion. This step is repeated until one
series of S PV modules is built. Any time that a new position
is chosen, it is removed from the sorted list.

Once that a series of size S is built, the positions excluded
due to distance and height constraints are put back in the



sorted list, and the algorithm starts the construction of a new
series from the new position with highest 75th percentile. The
algorithm ends when it is not possible to build a new series,
i.e., the number of remaining positions is lower than S.

The resulting organization of the PV installation is made of
a number of series made of S PV modules each, connected
in parallel. It is important to note that the greedy approach
adopted by the algorithm allows to connect in series PV
modules with similar irradiance distribution, thus reducing the
bottleneck effect caused by partial shading.

D. Power production

The last step is the evaluation the yearly power production
for the identified optimal PV installation. To achieve a measure
of performance, the algorithm generates also a traditional
placement of the same number of PV modules, by positioning
them in the suitable area but with a more standard positioning
(i.e., a “compact” rectangular placement that does not consider
the 75th percentile of irradiance).

The yearly trace of each PV module is used to estimate
the yearly power production of the overall PV installation
by considering the series and parallel connections between
PV modules. Given N the number of series identified in step
IV-C and S the number of PV modules composing each string,
the resulting power of the whole installation Ppyeqr1y is thus
derived with the following formula, reproducing the bottleneck
effect mentioned in Section III:

Ppanel Vyearly : Iyearly
Vpanel = mlnj:l,...,N(Zi:Lm,S Vmodule,ij)
Ipanel ijlp..’]v(mlni:l,...,s Imodule,ij)

where Viodute,ij and Inyoduie,ij are the voltage and current
extracted from the i-th PV module in the j-th string, and T’
is the length of the irradiance traces.

E. Economic analysis

The economic effectiveness of a PV installation is usually
determined as its financial Payback-Time (PT), i.e., how much
time it takes for the total savings and revenue streams to cover
the total cost of the initial installation. It thus indicates the
number of years of operation needed to payback the initial
investment when considering also maintenance costs by using
the following formula:

I
PT = R, — M,
Where I. is the installation cost, I, are the yearly revenue
generate by selling all the energy produced to the grid (cal-
culated by multiplying the yearly kWh production Py¢qy of
a configuration per E, that is the price at which the energy
is sold to the grid), M, is the yearly maintenance cost due to
the price of cleaning, monitoring, and repairing that needs to
be applied periodically an efficient system.

Fig. 3. Satellite view of the area used for the test

V. RESULTS
A. Suitable area identification and optimization

We tested the proposed framework on a district of the city
of Turin represented in Figure 3. The satellite view of the area
used for the test is overlapped with the result of step IV-A:
the green area represents the total surface of the roofs (around
1.7km?), while the red area represents the area that is suitable
for PV installation (about 8, 340m?2). It is interesting to notice
that just 0.5% of the available roof surface is considered
suitable for PV installation. This underlines that the DSM data
management strategy followed in this work allows to optimize
data memorization, as only few DSM points are used to filter
the suitable area, and full irradiance traces are generated only
for a very limited portion of the district.

B. Optimal placement setup

In our setup, we consider a PV-MF165EB3 module by
Mitsubishi [18] organized in strings of S = 8 PV modules.
The algorithm is set to allow maximum distance among PV
modules on the same series maxD = 3m and a maximum
height difference mazH = 0.5m. This configuration allows
to place in the same series PV modules positioned on different
but almost contiguous roofs. An example of this scenario is
visible in the top of Figure 4, that zooms on a portion of
the district to show an example where the suitable area spans
across two contiguous roofs (delimited by the black line in
Figure 4).

C. Analysis of the identified PV placements

To test the performance of the placement, we executed the
algorithm multiple times with different values of minTh,
i.e., the threshold of the 75th percentile used to consider
only the most promising portion of the suitable area. The
results are reported in Table I. When increasing minTh, the
area considered promising is reduced as a number of suitable
locations are removed as featuring a 75th percentile lower
than minT h. Thus, both the percentage of exploited area and
the number of placed PV modules decrease when increasing



TABLE I
PERCENTAGE OF AREA USED BY PV PLACEMENT OVER THE TOTAL
SUITABLE AREA WHEN VARYING minTh

TABLE 11
SUMMARY OF THE COMPARISON AMONG THE OPTIMAL PLACEMENT WITH
VARYING minTh W.R.T. A TRADITIONAL PLACEMENT OF THE SAME
NUMBER OF PV MODULES.

minTh=100 W/m?

minTh=500 W/m?

Fig. 4. Result of the placement algorithm on a small portion of the district
(i.e., two roofs) with threshold minTh = 100 W/m?2 (top) and minTh =
500 WW/m? (bottom): the pink area represents the area of the roofs, the purple
area is the suitable area, and the rectangles represent PV modules placed on
locations with 75th percentile higher than minTh. As expected, the second
placement contains less PV modules, as the minimum threshold is set to a
higher value.

minTh. An example is shown in Figure 4: when minTh is
set to 100 W/m? , 21% of the available surface is considered
suitable for PV placement; when minTh is increased to 500
W/m2, only 2% of the area is considered suitable for PV
installation, and as a result far less PV modules (colored
rectangles) are installed on the same portion of roof. If we plot
the number of PV modules installed (first plot in Figure 5), we
can observe that the decrease is not linear w.r.t. the threshold:
as an example, moving from 200 to 300 W/m? the number
of modules (and the area exploited) are reduced by 2/3, as
a wide percentage of locations has 75th percentile between
200 and 299 W/ m2. As expected, the initial installation cost
decreases according to the number of PV modules installed
(second plot in Figure 5).

D. Energy production performance

To analyze the performance of the proposed algorithm in
terms of power outcome, we compared the yearly produc-
tion of the identified optimal placements w.r.t. a traditional
placement of the same number of PV modules. The traditional
placement is built by installing PV modules in a more standard
positioning (i.e., a “compact” rectangular placement that does
not consider the 75th percentile of irradiance) by individually
considering each roof, thus avoiding cross building deploy-
ments.

Table II shows that the production of the optimal PV
installations is always larger than the one of the corresponding
traditional placement, and as expected the production of the

Threshold PV modules | Installation | Suitable area
minTh (W/m?) (€3) area (m?) used (%) Threshold PV Shared Power production

100 1,792 1,540 21 minTh modules area (MW)

200 1,536 1,319 18 (W/m2) # (%) Optimal [ Traditional [ (%)

300 656 561 8 100 1,792 36 T015 998 | +1.6%

400 464 394 6 200 1,536 31 905 874 +3.6%

500 176 148 2 300 656 22 423 376 | +12.6%
400 464 23 323 277 | +16.9%
500 176 15 139 115 | +20.8%

different configuration decreases linearly with the number of
modules installed. However, it is interesting to notice that
the improvement of power production is higher with higher
values of minTh, with maximum improvement of 21% with
threshold 500 (as shown in Table II and reported in the third
plot of Figure 5). This behaviour can be easily explained
by considering that the lower the threshold the higher the
number of PV modules, and thus of potential overlap of
positions of PV modules for the two placements. Vice versa,
with higher thresholds the number of PV modules is reduced
and the optimal placement can successfully select only the
positions less affected by shading. This reduces the impact of
the bottleneck effect of partial shading on the output power
production of the optimal PV placement. This analysis is
confirmed by the amount of area shared by the two placements,
that is higher with minTh = 100 W/ m? (36%) and decreases
with higher values of minTh, with a minimum of 15% with
minTh = 500 W/m?2.

E. Payback time

Using the procedure explained in IV-E we evaluated the PT
for both the classic and the optimal configuration considering
also the different value of the threshold. The energy price
considered is 0.22€ per kWh [23], the cost is 250€ per PV
module and the maintenance cost considered is 15€ per PV
module per year. The plot 4 in Figure 5 shows how the PT
decreases together with the number of PV modules and that
the payback times of the PV installation produced by our
framework are always lower than the classical ones. In par-
ticular when the threshold is at 500 W/m? the configuration
produced by the framework reduces by 1/4 the PT. However
by comparing the result in Table II and the Figure 5 we can
notice while increasing the amount of PV modules increases
the production and therefore the earning this does not decrease
the PT that instead increases. This underlines how this kind of
analysis are useful for an EA that needs to take into account
this economic analysis to plan his investment.

VI. CONCLUSIONS

The paper proposed a framework to support optimal in-
stallation of PV modules in a city district, with the goal of
maximizing the profit for an EA. The approach is based on
an efficient management of DSM data, that generates detailed
irradiance traces only for the promising portion of the district
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roofs (~ 0.5% of total district area). The data is then used
to build an optimal placement of PV modules, that can be
parametrized to exclude positions affected by shading and by a
discontinuous irradiance over time. The determined placement
allows to find the suitable trade-off between initial investment,
power production and payback time of the installation, and
proved to generate a surplus power production of up to +20%

W.I.

t. a traditional installation.

As future works, we plan to extend the proposed solution
by including new constraints, such as i) limiting the maximum
number of PV modules to install according to the user’s budget
and ii) limiting the PT to a maximum value defined by the user.
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