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Background
The growth of photovoltaic (PV) installations is essential for the global energy transition; 
however, comprehensive data regarding their spatial distribution are limited, which complicates 
effective energy planning. This research introduces a methodology for automatic recognition of 
ground-mounted PV systems in Italy, using semantic segmentation and Sentinel-2 RGB images 
with a resolution of 10 m. The objective of this methodology is to accurately identify both the 
locations and the sizes of these installations, estimate their capacity, and facilitate regular 
updates to maps, thereby supporting energy planning strategies.

Materials and Methods
The segmentation model, which is founded on a U-Net architecture, is trained using a dataset 
from 2019 and evaluated on two separate cases that involve different dates and geographical 
areas. We propose a multi-temporal approach, applying the model to a sequence of images 
taken throughout the year and aggregating the results to create a PV detection probability map. 
Users have the flexibility to modify probability thresholds to enhance accuracy, depending on 
the final application.

Study areas
a) Puglia (tile T33TYE): model training and testing

b) Emilia-Romagna (tile T32TPQ): model testing

RGB Sentinel-2 images (L2A products) at 10 m 
spatial resolution downloaded from the 
Copernicus Data Space Ecosystem Browser were 
used in this work. Cloud-free images (cloud cover 
percentage < 5%) were selected for the two study 
areas for the years 2019 and 2023. We 
considered all the available images acquired over 
the whole year to make the model robust to 
variations in the lighting conditions and 
seasonality of the surrounding territory.

Fig. 1. Study areas: (a) SA Puglia; (b) SA EmiliaRomagna. 
Basemap: @OpenStreetMap Contributors.

Fig. 2. A flowchart illustrating the primary stages of this study.

Results
Model Performances
Both the training and validation curves follow a similar pattern, indicating that the model is well-
fitted to the input dataset (Fig.3). Fig. 4 represents two examples from the test set, with the RGB 
image on the left, ground truth in the middle, and model prediction on the right. Despite the 
notable differences between the two RGB images, the model accurately identifies PV modules 
with few errors along the edges, especially for smaller plants.

PV Plant Detection: SA Puglia
Overall, there is a good agreement between generated maps and the reference (Fig.6). 
Nonetheless, different results can be observed when considering the different thresholds. For 
low threshold values, TP detections predominate, and FN are almost absent, while there are a 
great number of FP, which implies an overestimation of PV installations. The reduction in FP 
occurs with an increase in threshold values; however, this also leads to a decrease in TP, 
resulting in a rise in FN and, consequently, a significant number of missed detections.

PV Plant Detection: SA Emilia-Romagna
Accuracy scores remain low, and significantly lower than the values calculated for the previous 
SA. The highest scores are achieved with the threshold equal to 50, yielding UA, PA, and an F1-
score around 60% - less than the 90% obtained for SA Puglia.

Conclusions and Perspectives
The study presents a methodology for automatically detecting ground-mounted PV systems in 
Italy using semantic segmentation on Sentinel-2 satellite images. A U-Net based semantic 
segmentation model, achieving 99% accuracy, processes multi-temporal 10 m resolution RGB 
images to generate a probability map of PV installations. The approach allows flexible accuracy 
optimization depending on application needs, balancing producer and user accuracy.
Lower probability thresholds improve continuous detection for power estimation, though they 
increase false positives, which can be mitigated through post-processing. Limitations include 
difficulties in detecting small PV systems and generalizing across various landscapes. Future 
work aims to improve model robustness and transferability by incorporating diverse training 
datasets and integrating multispectral and topographic data to enhance detection accuracy.

Maps Assessment
To validate final PV maps, the number and the extent of the identified installations were 
compared with the reference dataset for both SA. To focus the analysis on the methodology’s 
ability to recognize PV modules, we assessed accuracy metrics considering the class of PV 
plants only, without computing the performance for background pixel recognition. The validation 
was based on the calculation of accuracy scores, namely user accuracy (UA), producer accuracy 
(PA), F1-score, and intersect over union (IoU).

Accuracy scores:

For SA Puglia, we performed further assessments to evaluate how well the methodology works 
for updating maps and for estimating capacity. Capacity values derived from our maps were 
compared with values available from official statistics. To estimate capacity, we relied on the 

area-to-power relationship: P = 𝐴

𝐶𝑜𝑒𝑓𝑓
, where P is the capacity of a plant [MW], A is the area 

occupied by a plant [km2], and Coeff is a coefficient assumed equal to 0.018 km2 × MW−1.

UA = 𝑇𝑃

𝑇𝑃+𝐹𝑃
; PA = 𝑇𝑃

𝑇𝑃+𝐹𝑁
; F1-score = 2 × 𝑈𝐴×𝑃𝐴

𝑈𝐴+𝑃𝐴
; IoU = 𝑇𝑃

𝑇𝑃+𝐹𝑃+𝐹𝑁

Fig. 3. Learning curves during model training: accuracy score curve (left), cross-entropy curve (right).

Fig. 4. Examples taken from the test set, representing 
RGB image, ground truth, and model prediction.

Fig. 5. Detection performances for varying threshold 
values: examples taken from the test set.

TP = True Positive; FP = False Positive; FN = False Negative

Thr UA PA F1 IoU
0 63% 96% 76% 58%

25 86% 95% 90% 80%
50 97% 90% 93% 84%
75 99% 84% 91% 75%

100 100% 71% 83% 56%

Fig. 6. SA Puglia: PV plants maps and accuracy scores obtained for varying threshold values.

Fig. 7. SA Emilia-Romagna: PV plants maps obtained for varying threshold values.
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