
Advances in Environmental Monitoring with UAS, Debrecen, Hungary (30th March 2022)

The Remote Sensing Laboratory, Tel Aviv University, Zelig 10, Tel Aviv 69978, Israel

• Correspondence: nicolasf@mail.tau.ac.il

mailto:nicolasf@mail.tau.ac.il


2



3

iAqueduct aim to close the gaps between global

satellite observation of the water cycle and

local needs of information for sustainable

management of water resources.
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 Soil Spectral Libraries (SSLs) are datasets that contain: Chemical 

and/or physical soil properties, as well as laboratory spectral 

measurements.

 The number of SSLs is increasing because these datasets have an 

important potential to train machine learning algorithms that can 

monitor soil properties from the sky.

 SSLs are created under lab conditions, so it is unclear if they can be 

used to infer field conditions.
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 WIR may be defined as “the meters (length units)

per unit time of water entering into the soil 

regardless of the types or values of forces or 

gradients” (Kirkham, 2014)

WIR is a very important hydrological parameter, which 

is strongly dependent on soil surface conditions.

Thus, WIR is an excellent soil property to investigate 

the gap between lab and field spectral observations



8



9

 In different areas of the Mediterranean 
Basin, we will measure WIR using a Mini 
Disk infiltrometer.

 Next, we measured the spectral 
signature in the field and in the lab.

 The field spectra were measured using an 
ASD  connected to SoilPro (Ben Dor et al., 
2017) in order to get optimal spectral 
signatures in the field.
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The texture prediction is necessary to estimate WIR, and was performed following the diagram 

of Thien in field. 

As the WIR is considerably affected by the soil texture, the samples were grouped into two 

textural categories to examine whether fine-tuning according to their texture would provide 

better accuracy. Thus, three groups were evaluated as follows:

I. The whole dataset: samples collected from all sites (114 samples).

II. The “sandy” dataset: samples from Afeka (Tel Aviv), Israel and from the three fields in Central 

Macedonia, Greece (58 samples).

III. The “clayey” dataset: samples from Sde Yoav, Israel and Alento, Italy (46 samples).
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Both, the lab and the field based datasets, were resampled according the spectral

configuration of Cubert UHD 185.

PLSR models were generated to predict WIR using different groups.

We applied the best model to an UAV hyperspectral image.

The predicted values of the pixels that were mapped as bare soil, were randomly subset to

100 points and interpolated using IDW. Then, a Getis-Ord* hotspot analysis was performed.

The measured values were also interpolated to compare.
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For the UAV mission, we used a Cubert UHD-185® which is a HRS snapshot sensor onboard a 
CarbonCore Cortex X8 UAV.

Cubert UHD-185 measures the reflectance across the 450-950 spectral range with 125 bands. 

The images were acquired on a sunny day (13/06/2019) between 9:57 and 10:30 in an 
agricultural field of Alento, Italy. 

The mission took place from an altitude of 138 meters providing a pixel size of 5 cm/pix 
approx.  

For the mosaic, we used 468 images in which we applied an 80% of forward overlap and 65% 
of side-lap.
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• The DN values were calibrated to a halon WR before 
the flight

• In order to validate the correction, the average sum of 
deviation squared (ASDS) was calculated for 5 
different targets with increasing reflectance
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 This study showed that soil surface reflectance is a good tool to predict soil WIR.

The beta coefficients revealed that quantitative spectral properties of Fe oxides and OM may

be lost once the soil samples are collected and measured in the laboratory.

The field-based models showed better results than the lab level in all the cases.

 Soil surface reflectance showed a very good generic model including all the samples when the

SWIR range was considered.

 A field-based model was adapted to a UAV sensor. Then, the results were successfully

validated in the field.
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• In order to predict the field reflectance in every band, we used the lab reflectance values in all 
the bands.

• Field-spectra was predicted by programming a "loop" in which the number of models is equal 
to the number of the bands to predict in the field spectra. 

• For this task the random forest algorithm (Breiman, 2001) was used for every prediction. Then, 
the predicted spectra were smoothed using the Savitzky Golay (Savitzky and Golay, 1964) 
method.  



• For validation, the spectral similarity between the field and lab (before and after the correction) spectra in all
the samples was evaluated using their average sum of deviations squared (ASDS) (Ben-Dor et al., 2004)
and SAM (Kruse et al., 1993) values.

• This evaluation was performed in a selected group of validation samples that represented 10% of the 
dataset and was not used to train the transfer function.
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