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Abstract

As Earth’s average temperature rises, Italy is one of several regions on Earth experiencing

the most severe warming. This research investigates how local geography affect the rate at

which local Italian regions are warming. Using weather model data of over 30 regions, I found

the rate at which each region is warming and compared each rate to different latitude and

ruggedness of a region. To quantify ruggedness, I gathered topographic data corresponding

each weather model region and created an algorithm that calculates the valley index, which is

the percentage of the area identified as a valley relative to the whole region. I found that Italian

regions in higher latitudes warm faster for most terrains (R2 = 0.92 and p ≤ 0.05). However,

regions with extreme valley indices (high and low) deviate from the latitudinal warming trend

(warming slower and faster, respectively).

Key Points:

1. A new image processing algorithm that finds the local minimum is useful to find the

percentage of valley areas per given region.

2. Regions in higher latitudes generally warm faster, but anomalies to this trend are planar

and mountainous regions, which warm faster and slower respectively.

1 Introduction

As established by the report by Intergovernmental Panel on Climate Change (2014), anthropogenic

forces such as carbon emissions have accelerated warming on a global scale in the past century.
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On a regional scale, many areas show an increased warming; among them, Italy has increased by

1 ◦C in the past century. (Amendola et al., 2018; Brunetti et al., 2006). For reference, the entire

Earth has warmed by 0.8 ◦C since 1885 (Hansen et al., 2010).

Researchers have found that the extreme warming in the Mediterranean Basin threatens a variety

of domains, especially water scarcity, ecosystems, and agriculture (Cramer et al., 2018).

While there are studies about how anthropogenic (greenhouse gases and sulfate aerosols) forces

cause plausible warming within the Mediterranean region (Barkhordarian et al., 2011), a better

understanding of the climate trends in relation to geography is necessary to anticipate the negative

impacts of climate change mentioned by Cramer et al. (2018). In addition, data from Amendola

et al. (2018); Brunetti et al. (2006); Lobell et al. (2011) show data on grids at least 0.5◦ by 0.5◦

large in the geographic coordinate system. I investigate some factors such as latitude and distance

from the ocean. In addition, Crouch (2015) claims that the mountains and valleys may affect the

local climate of a region by altering how much solar energy is exposed to the region. To see the

effect of terrain on the regions’ warming, I developed an algorithm that estimates the ruggedness

of a terrain by calculating the percentage of pixels that are part of a valley within a region. I then

compare the percentage to the rate at which the region is warming.

2 Data and Methods

This study investigates 30 regions across Italy. Each region covers a 20 by 20 kilometer area

(Table 1). The weather data is from Meteoblue1. Meteoblue uses multi-scale climate models

that uses data from nearby weather stations and simulations. There are data for each hour from

January 1st, 1985 to December 30th, 2018. As shown in Figure 1, I took the annual average

of the temperature data in each region. I subtracted these yearly averages from the total average

temperature of that region to obtain the anomalies for each year. Then I fitted a trend line of each

time series, computing the overall change in temperature over 34 years by taking the difference in

temperature at the ends of the line. I scaled the warming rate to a decade by multiplying by 10 and

dividing by 34.

The elevation data is from Tarquini et al. (2007, 2012), who created a digital elevation model

(DEM) of Italy called TINITALY/01. TINITALY/01 combines contour lines and spot heights de-

1Meteoblue is a meteorological service created at the University of Basel, Switzerland, in cooperation with the U.S.
National Oceanic and Atmospheric Administration and the National Centers for Environmental Prediction. (URL:
https://content.meteoblue.com/en/about-us)
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Figure 1: (A) Digital elevation model (DEM) of Tarquini et al. (2007, 2012) Ceraudo, Italy, one of the cites sampled using the Meteoblue data.
Ceraudo is a costal region located in southern Italy. (B) A graph of the yearly average temperature data from 1985 to 2018 with a trend line fit to
measure the warming rate of the region. Ceraudo is has increased by 0.65 ◦C from 1985 to 2018.

rived from the Italian Regional topographic maps, satellite-based global positioning system points,

ground based and radar altimetry data. The resolution of these images are 10 by 10 meters. For

the consistency of measurement, the 20 by 20 kilometer grid from TINITALY/01 is centered at the

same coordinates used for the Meteoblue data.

The algorithm to compute the valley index initially converts the elevation data into a gray scale

image (Figure 2 B), which is adapted from Robert (2015). I then filtered the image into a low

(black) and high (white) elevation with a specific threshold (Figure 2 C). Since valleys appear

at different elevations, the filter uses an adaptive threshold method developed by Bradley & Roth

(2007) (Figure 2 C). The filter computes the threshold at a pixel by finding the local mean intensity

around the neighborhood of the pixel. The neighborhood size of the image is computed as:

ψ = 2 ∗ floor( φ
16

+ 1) (1)

where φ is the size of the image in pixels and ψ is the size of the neighborhood in pixels. The

neighborhood is roughly 1/8th the size of the image. Since every region has a different terrain,

each threshold value is different for each region. Through visual inspection, I recorded which

threshold values best captured the valley in a region. I correlated the threshold values to different

topographic regions (maximum height, minimum height, range) and found a strong correlation

between range of elevation and the threshold values (see Figure 6 in Section 7). This equation

thus calculates the threshold value as:
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τ = −0.108 ∗ ln ε+ 1.384 (2)

where τ is the threshold and ε is the difference between the maximum and minimum elevation of

a region. However, certain areas have flat areas (ocean, lake, planes) that are included in the valley

region. To remove this area, a histogram of the elevation data is computed with each elevation as a

percentage of the entire region. The number of specific elevation section is determined by:

ν = 1.5 ∗ round(log2(χ) + 1) (3)

Where ν is the number of bins in the histogram and χ the product of all the values in the sample. A

flat area is when the bottom section of the elevation is more than 10 percent of the region. (Figure
2 E) If there is a flat area, a filter removes the flat ground from whatever region calculated through

adaptive thresholding.(Figure 2 E and G). Then I divided the area of the valleys (Figure 2 H)

from the total area of the region to find the valley index. I then correlated the warming rate with

different geographic factors (latitude, distance from the ocean, elevation, valley index).

Figure 2: Algorithm used to compute the percentage of valleys at a Ceraudo (coordinates in UTM). With the topography data (A), the algorithm
converts the data into a gray scale image (B) uses the adaptive threshold (C) to identify the lower regions (D). In order to remove the ocean from
the valley index, a histogram of the elevation data is calculated (see Equation 3). (E) Ceraudo has a flat ground percentage of 36.93 percent of an
elevation of about 5.7 m, so a flat ground filter was applied (F) and subtracted from the original filtered area (G to H). The calculated valley index
for Ceraudo is 22 percent.
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Figure 3: Warming rate, in ◦C
per decade, of all 30 locations with
respect to latitude. Without the
anomalies (circled in red), R2 =

0.92 and p = 8.9∗10−29. In addi-
tion, Italy is warming at a faster rate
than the global rate from 1985-218
from (Smith et al., 2008). The val-
ley index shows how the five points
clustered together have a very low
valley index and the single yel-
low point has a high valley index.
The pink is the global temperature
anomaly from Smith et al. (2008),
which is under the majority of re-
gions derived from the Meteoblue
data.

3 Results

After computing the change in temperature of the region from the anomalies, I found that all of

the locations are warming ranging from 0.0663 to 0.5685 ◦C per decade. Of the four geographic

variables, latitude formed the strongest pattern correlation with the warming rate of the locations.

However, there are two groups of anomalies identified in the graph (Figure 3) that have extreme

values of the valley index. The region with the lower warming rate (yellow in Figure 3) is Ter-

minillo Mountain (Figure 4 B). The region with a higher warming rate from regions in the 39 to

42 ◦ latitude (indigo in Figure 3) are identified as the flattest regions (Figure 4 C). In (Figure 6),

these regions are all from the Apulia region, which is one of the flattest regions in Italy. Without

the anomalies the linear fit linear has an R2 value of 0.92 and a p of 8.9 ∗ 10−29.

4 Discussion

The correlation between latitude and warming rate brings attention to the impact of varying rates in

each region. While latitude is correlated with the warming rate of each location, the other factors

related to latitude should be examined. For example, areas in higher latitudes experience less

sunlight exposure due to the Earth’s tilt.
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Figure 4: (A) Regions identified as
anomalies in (Figure 4). The high
valley index is Terminillo Mountain,
which has a valley index of 60.8 per-
cent (B) and is located in the Abruzzi
Apennine region of Italy. Meanwhile
the regions with the higher warming
rate than those in similar latitudes with
a low valley index (C) are all located in
the Apulia Region (from top to bottom:
Brindisi, Darioratta, Frantoio De Carlo,
Olio Intini, and Tre Colonne) where the
terrain is relatively flatter than the rest
of Italy.

Data from Smith et al. (2008) on a 5◦ by 5◦ grid confirms the general pattern and magnitude

of warming (0.3 to 0.4 ◦C per decade) of Apulia Region warming faster than those in its region.

However, the absolute value derived form Meteoblue is more variable and specific (highlighting the

anomaly of Terminillo Mountain). In addition, most of the regions in Italy are warming faster than

the global average derived from Smith et al. (2008) (0.19 ◦C per decade) (Figure 3), confirming

the general conclusions of Amendola et al. (2018); Brunetti et al. (2006); Lobell et al. (2011).

The step in the valley index algorithm that computes the percentile of flat area and subtracts the

valley image from that flat ground only looks at the lowest section of data (Figure 2 E). This

step does not take into account flat areas that may be in elevations higher than the bottom section,

such as lakes on mountains or plateaus. While the algorithm needs to be modified, it would be

interesting to see how the topography of those regions may affect the regions’ warming rate.

Aside from topography, other variables-such as humidity, temperature of the bodies of water-

should be tested to create a more accurate model of the warming of regions in Italy. To refine

the experiment even further, more locations should be sampled. However, Hereher (2016) found

that along with latitude and topography, the composition of the ground and surface albedo (surface

reflection of solar radiation) may cause different regions to warm faster than others.
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Here we examined general trends in global warming in small, specific regions. It would be in-

teresting to see if these trends are specific to Italy or can be applied to other regions across the

world.

Figure 5: (A) Data extracted from Smith et al. (2008), which consists of monthly average temperature anomalies on a 5 ◦ by 5 ◦ grid across land
and ocean surfaces. Compared to the Smith et al. (2008) global average in Figure 3 (0.19 ◦C per decade), all of Italy is warming faster. However,
the rates calculated by Meteoblue are higher than both averages calculated by Smith et al. (2008). Yet the general trend of the Apulia Region (B,
circled in red) warming faster than everywhere except northern Italy is reflected in both (A) and (B).

5 Conclusions

Here I show that both model data derived from simulations and recorded data from Meteoblue and

Smith et al. (2008) show how local regions in Italy generally follow a warming pattern based on

latitude. I created a rudimentary algorithm that calculates the percentage of valley area relative to

each region in Italy using an adaptive threshold method in image processing. Regions with extreme

valley indices have shown to deviate from the linear pattern with latitude and warming rate. These

findings show how we need to investigate how the warming rate in these regions on a local level to

prepare for the challenges of global warming.
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7 Appendix

Figure 6: Empirically derived adaptation threshold. On the left there is the digial elevation model (DEM) and the region identified by the filter
using different thresholds. The top one is too small, bottom too much, and middle accurately identifying the valleys. On the right is the recorded
thresholds with respect to the regions elevation range. With an R2 = 0.8565, there is a significant correaltion in which the equation describing the
seried can be used to calculate the threshold from the DEM.
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Table 1: Table of all the locations sampled in the area from 1985 to 2018. The NOAA data is obtained from Smith et al. (2008).




