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1. Study of suspended particulate matter (SPM) in
coastal and inland waters

2. Characterization and mapping of impervious
urban surface materials

3. Detection the “discontinuity” in the soil and first
subsoil (e.g., soil displacements and surface
deformations, buried archaeological structures)
that can produce “mark” on the images
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Suspended particulate matter (SPM)

The literature classifies bio-optical algorithms into two macro classes (Ogaskawara, 2015):

Empirical models exploit statistical relationships between AOPs and water constituent
concentrations measured in situ

e.g. [TSM] =a(R,/R,)+.

Analytical models utilize radiative transfer theory

#dL (; g})‘)

= —c(z,A) L (z,é,k) +

+ j{L (z,é’, }.) 8 (z,é’ S E ,x) A0 (é’) +8 (z é,A)
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Suspended particulate matter (SPM)

Manfredonla\ Gulf

Gargano Promontory
272

16°30'W

Sampllng of these “locations were
carried out during four days, and
principal locations were monitored
several times:

in total, 36 water columns were
characterized (Cavalli etal., 2014).

IL CONTRIBUTO DEL CNR IRPI

AL SISTEMA PAESE Sala Convegni CNR, Roma 25-26 novembre 2021

PER LA MITIGAZIONE DEI
RISCHI GEO-IDROLOGICI

41

| simplified

analitical
models

Cavalli, 2020

AN
’\“irpi




Manfredonia Gulf

Gargano Promentory.
“$S272 X

36 local
models

e o
Sampling of these locations were
carried out during four days, and
principal locations were monitored
several times:
in total, 36 water columns were

characterized (Cavalli etal, 2014). ' : (Y : Cavalli, 2020
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Susnended nartlculate matter (SPM)

Manfredonla\ Gulf

SP52b
Gargano Promontory

nans —
16°00'W 16°15'W 16°30'W

Sampllng of these Iocations were
carried out during four days, and
principal locations were monitored
several times:

in total, 36 water columns were
characterized (Cavall etal., 2014). : fos e Y (L Cavalli, 2020
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Susnended nartlculate matter (SPM)
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Sampllng of these Iocatlons were

carried out during four days, and

principal locations were monitored

several times:

in total, 36 water columns were

characterized (Cavalli etal, 2014). | | ; i O (LN Cavalli,
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Figure 3. Scatter plots of retrieved products using local, daily, and total bio-optical models and in situ
concentrations: (a) retrieved concentrations of chlorophyll-a vs. in situ data; (b) retrieved acpoy at
440 nm vs. in situ data; (c) retrieved concentrations of tripton vs. in situ data.
Bio—Optical Models Slope Intercept R? meany; s Obias bias % KGE
Centa (mgm™3) Local 1.06 —0.09 0.83 0.05 0.20 10% 0.80
Daily 1.16 ~0.08 0.77 ~0.03 0.27 12% 0.65
Total 0.88 0.23 0.56 ~0.15 0.32 17% 0.62
“C?g‘ﬂ%o Local 1.07 0.03 0.77 ~0.03 0.07 11% 0.54
Daily 0.87 0.02 0.70 ~0.01 0.06 11% 0.78
Total 0.97 0.05 0.54 —-0.05 0.10 15% 0.31 Cava”i 2020
’
Crg (gm™) Local 0.97 0.03 0.97 0.12 0.35 3% 0.96
R Daily 0.87 0.23 0.92 0.23 0.52 5% 0.92 d
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Errors in C,,, calculated from some sensors using local bio-optical models
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sensor slope | interc. R? bias dev | bias % | KGE

ASD 1.06 | -0.09 | 083 | 005 | 020 | 10% | 0.80 - ) —

PRISMA 1.00 | 008 | 052 | 008 | 039 | 15% | 051 : o | @ .
CHRIS mode 1 080 | 008 | 048 | 005 | 043 | 15% | 051 3 Y ?}2’ 3 . %%’g;
|CHRIS mode 2 080 | 0.08 | 043 | 0.05 | 043 | 15% | 0.51 * ARSI 28" %
MIVIS 078 | 036 | 043 | -021 | 038 | 22% | 051 7, XA 3, o ’
MODIS 100 | 009 | 046 | -0.09 | 044 | 22% | 042 I ool olow 3 R oo L
Landsat TM 019 | 245 | 112% | -3.89 | & BBl

Errors in Cpop Calculated from some sensors using local bio-optical models []
sensor slope | interc. R® bias dev | bias % | KGE : I oy ° ‘1 v TR .,
ASD 1.07 0.03 077 | -0.03 | 0.07 11% 0.54 5 oo . ; 2 .« LA
PRISMA 081 | 007 | 059 | -005 | 008 | 15% | 0.35 i ASTIRE § P o;%g
MIVIS 1.06 | 005 | 042 | 002 | 011 | 16% | 0.6 3% Tyrees : o253
CHRIS mode 1 096 | 002 | 043 | -0.02 | 012 | 19% | 0.40 ¥ B Beo .
CHRIS mode 2 078 | 006 | 041 | -004 | 012 | 19% | 044 R #oit
MODIS 073 | 009 | 035 | -007 | 011 | 21% | 0.3 "o . 1 0 o -
Landsat TM 036 | 2.66 | 386% | -22.71 - S
Errors in C;; calculated from some sensors using total bio-optical model g (200 | g “g{{

sensor slope | interc. R’ bias dev | bias % | KGE é : ggf}: ¥ g %2%; : K
ASD 085 | 051 | 094 | 014 | 054 | 6% | 091 i ot ol § W,xo oo
MIVIS 079 | 078 | 088 | 035 | 076 8% 0.83 2 i SN : fgove .y
CHRIS mode 1 072 | 068 | 090 | 059 | 085 | 10% | 0.75 : 8% 0% 8 e o]
CHRIS mode 2 071 | 137 | 085 | 007 | 099 | 10% | 075 e — B —_—
PRISMA 072 | 081 | 089 | 057 | 089 | 11% | 073

MODIS 069 | 068 | 067 | 087 | 138 | 14% | 0.70 ey

Landsat TM 062 | 153 | 046 | 034 | 184 | 20% | 0.66 @ AL
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Suspended particulate matter (SPM)
and Sea Surface Emissivity (SSE)

1,00 i i_
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w
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Cavalli, 2017
Figure 5. SSE behavior with respect to SPM concentration in these coastal waters.
IL CONTRIBUTO DEL CNR IRPI . IA “
o ALSISTEMAPARSE Sala Convegni CNR, Roma 25-26 novembre 2021 {r \ Lo
RISCHI GEO-IDROLOGICI



RMSD (K) between SST,.. data and SST measurements obtained from MODIS data

SST data (K) retrieved by [35]
MODIS Aqua Global
Coastal waters of Level 3 Mapped with SSE with SSE. (SPM#0)| with SSE. (SPM#0)
Thermal SST data (K) (SPM=0) using using
Wen-Yao at al. [46]| Equations (7)-(9)
the Manfredonia Gulf 1:22 0.95 0.92 0.72
the Taranto Gulf 1.12 0.76 0.76 0.64
area close to Lesina Lagoon 1.49 0.66 0.66 0.60

SSTskin data compared | which were retrieved using | RMSD |Max Bias | Mean o
with SST measurements | the algorithm proposed by |  (K) (K) (K)

Sobrino et al. [37] -3.45 0.41

Sobrino et al. [37] -3.48 0.42
SSE =f (SPM
Wan and Dozier [38] -1.37 035 f( )

SST4 Sobrino et al. [37] 0.67 -3.82 0.39
SST2 (collezione 6) Kilpatrick et al. [17] 0.68 -1.90 0.40
SST1 (Collezione 5) Kilpatrick et al. [18] 0.76 2.29 0.41
LST3 Sobrino et al. [37] 0.77 4.97 040 )
SST6 Niclos et al. [41] 0.84 313 0.47 SE not required Cavalli, 2017
SST1 (ECMWEF based) Brown et al. [16] 1.14 3.77 0.45 s explicit input Cavalli, 2018
SST1 (radiosonde based) Brown et al. [16] 2.41 -5.53 0.46
SST5 Sobrino et al. [37] 2.45 5.41 0.42 A
LST4 Sobrino et al. [37] 3.56 5.79 0.45 @ S
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Impervious urban surface materials

Sensors
- Optical Optical Spectral
Data Sp zftml Panchromatic Multispectral Hyperspectral Spectral Bands Cover (nm) References
Resolution
Urban cover mapping at urban scale
High (<10 m) IRS-1C 1 500-750 [29]1
. 1 1. 1.
IKONOS 1 530-930 @lfﬁlz (2917
QuickBird 1 405-1053 (3512
WorldView-2 1 450-800 8] %2 30] 12
IKONOS 4 450-860 1260502911 Small. 2003
QuickBird 5 403-918 271 12,(135] 12 !
WorldView-2 8 400-1040 [28] V2 [30] 12
APEX 288 372-2540 [18]1
AVIRIS 244 365-2500 [19]1
DAIS 72 400-2500 [20] 12
HyMap 128 400-2500 21] 12
MIVIS 92 430-2478 2 ;[22] 12
Moderate 112, 12
(10 m-100 m) SPOT 1 450-750 [34112; [35]
ALI 9 433-2350 [31] 12
Landsat TM 6 450-2350 [32122; [34] 12; [361 12
f2; [32] 12;(35]
Landsat ETM+ 6 450-2350 = [36] 12; [37] V5;
[38] 1,2
Sentinel 2a 12 443-2200 33] 12
SPOT 4 450-890 [34] 12
CHRIS 19-150 410-1050 [23]12
Hyperion 242 400-2500 [24] ¥2; [25] ! ;@12 Cavalli et al., 2008
TG-1 128 400-2500 [25]1
Urban cover mapping at country and global scale
Coarse (>100 m) DMSP-OLS 2 400-1100 [39] V%
MERIS 15 390-1040 37]12
MODIS 19 405-2155 [36] 12; [40] 12; [41] 12
! The study merged multi-source data. 2 The study combined different techniques. Cava I I I, 2021
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Impervious urban surface materials
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Table 3. Spectral ranges, spectral resolutions, which were represented with Full Width at Half

Maximum (FWHM), and spatial resolutions of most remote sensing sensors.

Spectral Cover Range (nm) FWHM (nm) Spatial Resolution (m)
365-2500 3; 10; 30; 50; 100 1; 5; 10; 50; 100; 250
400-1100 3; 10; 30; 50; 100 1; 5; 10; 50; 100; 250 Cavalli, 2021
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Spectral

Spectral

Spectral

Spectral

Values obtained from images with
spectral range of 365-2500 nm
Imperviuos surfaces

Spatial resolution (m)
1 5 10 50 100 250

0.49 0.56  0.59 | 0.05 0.14 | 0.02

10.45  0.57 | 0.57 |-0.37  0.11 | 0.01
0.47 0.55 | 0.56  0.02 0.10 |-0.15
0.38 0.46 | 0.55 0.02 0.08 [-0.15
0.24 0.39 |0.54 0.01 0.08 [-0.26

mean standard deviation= 0.16

1 5 10 S50 100 250

13% | 16% | 17% | 37% | 39% | 38%
15% | 16% | 18% | 39% | 38% | 38%

13%  15% | 17% | 37% | 39% | 39%

16%  18% | 18% | 37% | 39% | 40%

18% | 18% | 17% | 37% | 39% | 43%

KGE
3
-
2 10
2E 30
8 50
= 100
Total
Errors
3
o=
2 s 10
2E 30
8 50
- 100
KGE
3
c
& 10
2E 3
8 50
= 100
Total
Errors
3
c
L = 10
2E 30
§ 50

100

mean standard deviation= 6%

Perviuos surfaces
Spatial resolution (m)
100 250

1 5 10 50

0.43 0.50  0.24 |-0.29

0.43 | 0.49 | 0.24 |-0.49
0.430.49  0.25
0.40 0.49 0.24

0.34  0.47 0.25|-0.34

mean standard deviation= 0.99

1 5 10 S50 100 250

19% | 35% | 44% | 54% | 54% | 54%
27% | 35% | 43% | 55% | 54% | 53%
19% | 30% | 40% | 54% | 54% | 53%

25%  34%  43% | 54% | 54% | 52%

23% | 29% | 39% | 53% | 53% | $1%

mean standard deviation= 12%

Values obtained from images with
spectral range of 400-1100 nm

Imperviuos surfaces
Spatial resolution (m)

1 5 10 S50 100 250
3| 0.21 0.30 | 0.51  0.00 |-0.40(-0.03
10{ 0.20 0.29 | 0.49 -0.02 -0.78| 0.01
30{ 0.20 0.26 | 0.42 -0.41 -0.54(-0.32
50(0.19 0.16 | 0.25 -0.51 -0.79(-0.82
100{-0.15 -0.02 0.22 -0.38 -0.16-0.33

mean standard deviation= 0.59

KGE

Total

Errors 1 5 10 50 100 250
3| 25%  25% | 19% | 35%  40% | 34%

10| 26% | 25% | 20% | 35% 40% | 34%

30| 31% | 29% | 23% | 36% | 40% | 33%

50| 34% | 30% | 24% | 36% | 39% | 32%

100( 59% | 57% | 53% | 21% | 24% | 27%

mean standard deviation= 6%

Perviuos surfaces
Spatial resolution (m)

1 5 10 50 100 250
3/0.310.43 | 0.16 -0.18
10/ 0.35 | 0.50 0.18 |-0.19
30(0.33 | 0.48 0.20 -0.19
50(0.32 | 0.39 | 0.06
100{ 0.15 | 0.31 | 0.06 -0.17

mean standard deviation= 1.29

KGE

Total
Errors 1 5 10 50 100 250
3| 32% | 39% | 49% | 61% | 59% | 63%
10| 28% | 33%  49% | 60% | 58% | 62%
30| 27% | 33% | 48% | 59% | 56% | 61%
50| 28% | 31% | 45% | 58% | 51% | 57%
100| 58% | 58% | 63% | 67% | 58% | 67%
mean standard deviation= 12%

Cavalli, 2021
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Mutual Information

(x,y)
I(X 2 p(x,y)log PAY,
> p(x)p(y)
Here p(x) and p(y) are the probablllty distributions of X and Y, while p(x,y) is the joint
probability of X and Y. The mutual information is positively defined, with a value I(X,Y) = 0
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Detection of “marks”

The first parameter, the Detection Index (D.l.), provides
a quantitative measure of photo-interpretation analysis done
on the images. D.I. is expressed by the following relation:

N, 14 X elarcha

D.I = % 100 (1)

Nplxe,z archa

where, for a given area, Npixel,.,, 1S the number of pixels
belonging to the archaeological marks in the interpreted
image, while Npixel, ,.h, corresponds to the total number of
pixels recognized as archaeological marks in the whole set
of analysed images.

In contrast, the Separation Index (S.1.), gives an indication
of the tonal difference between archaeological marks and
background. The index is expressed as follows:

/ D archaD bck dx

\// drchadx/Dgckdx

where D, represents the frequency distribution of the
digital values of the pixels belonging to the archaeological
marks (Npixel,.cha), While Dy represents the frequency distri-
bution of the pixels selected as background. S.I. is, therefore,
an indicator of the overlapping area of the two frequency
distributions D,y and Dypy. Cavalli et al., 2007
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Cavalli et al., 2007
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The left picture shows the ensemble of the archaeological anomalies highlighted by all by-products of M.I.V.I.S.
data; the right picture shows the street network highlighted by the geophysical surveys (Mertens, 2003)
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Conclusions

In the current technological and scientific context, to evaluate
and compare the capabilities of different remote sensing data
and to compare the results of different methods allows us to:

* identify the most suitable images and methodologies;

* and/or decide on the integration with other images and/or
data;

 and/or opt for the complementary use of different
methodologies.
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