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ABSTRACT
Vis-NIR spectroscopy for soil has gained relevance among
the development of soil technique analysis. Itatiaia National
Park (INP) located at the Southern border of Rio de Janeiro
and Minas Gerais states, has a fundamental role for water
storage and distribution in the surrounded watersheds. INP
is also one of the best exemplars of soil carbon stocks in
the tropical regions. The purpose of this study was to test
the Random Forest Algorithm for soil properties prediction.
The spectral readings were done on 116 soil samples, in
a completely dark room laboratory. Results show that the
R2 reached 0.57 for Hydrogen. Random Forest model
created a rank of importance for the variables used in the
prediction, in this stroke within this soil samples, the most
important wavelength band was 2165 nm among others. The
homogeneity and the limited number of samples suggest a
disadvantage of the prediction models.
Key words – soil reflectance, proximal soil sensing, soil
properties modeling.
1. INTRODUCTION
Proximal soil sensing specially in the visible and nearinfrared reflectance (Vis-NIR) are fast, non-destructive,
environmental-friendly and cost-effective [1]. Beginning
studies were done by [2], who characterized the spectral
signatures of soil minerals. Soil Organic Carbon (SOC) was
spatially mapped in bare soils [3]. In south of Brazil, Soil
Clay content was predicted and reached a value of R2 = 0.75
[4].
Besides soil and environmental functions, SOC is an indicator
of soil condition. Globally, soil is the second biggest pool of
carbon [5], whereas the amount is moving among the pools.
These movements can be linked to climate change.
Tropical regions usually are characterized by deeply
weathered soils with lower SOC. A different situation is
found in the plateau region of Itatiaia National Park (INP),
since due to the high altitude and climate conditions, SOC
is preserved and incorporated into the soil matrix. Among
the environmental functions, the area is an important water
catchment. During the raining season, the soils richer in
organic matter have a larger capacity of retaining water [6].
The water stored in the soils is released along the year,
including the dry season, and that feeds many springs that
will supply large areas in Rio de Janeiro and boundary states.
The main goal of this study was to test the Random Forest

algorithm as a method for prediction of some properties of
INP soils.
2. MATERIALS AND METHODS
2.1. Study area
The study area is located at the plateau (above 2.000 m) of
the Itatiaia National Park (INP), in the Southwestern part
of Rio de Janeiro State, as shown in Figure 1. The INP
is located within the coordinates 22o 15’E 22o 30’S; 44o 30’E
44o 45’W, with a total area of 28.000 hectares and the climate
is classified as Cwb [7]. The dry and cold winter creates
favorable conditions to soils covered by grassland vegetation
to hold SOC.
A total of 40 points were randomly collected at three soil
depths (0-10, 10-20, 20-40 cm), the subseted area of high part
is located at 22o 22’S 44o 42’W coordinates with a range of 42
hectares. In the laboratory, the samples were air dried and
passed through a 2 mm mesh sieve. The soil properties, Soil
Organic Matter (SOM), Soil Organic Carbon (SOC), C/N:
ratio, Hydrogen, Nitrogen, were analyzed by dry combustion
method.

Figure 1: Location of Itatiaia National Park. Adapted from [8].

2.2. Spectral readings and processing
To ensure the moisture would not influence the spectral
readings, soil samples were placed in the oven for 48 h at
the temperature of 45 Celsius. All spectral readings were
proceeded in a dark room using an ASD Fieldspec 4 R with
30 scans per sample, and the samples placed in 9 cm petri
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dishes. Every 24 readings (approximately) the sensor was
readjusted for light conditions using the optimize and white
reference commands with a spectralon R plaque. The light
source (70 W halogen bulb lamp) was placed in a distance of
40 cm and 15o from nadir. Fiber glass was positioned with an
8o lens at zero degree to the nadir in relation to the soil sample
surface.
The spectral data were interpreted and processed R [9]
software.
Random Forest was performed using the
randomForest [10, 11] R Package.
3. RESULTS AND DISCUSSION
With the application of Random Forest for the soil properties,
Hydrogen estimated reached the highest R2 with 0.57,
(Figure 2), followed by SOM (0.43), and SOC (0.41). Cross
validation was also used, and by applying pretreatments in
the row spectral data [1] it was obtained the R2 value of 0.85
for SOM. The stats coefficients for the other variables are
shown in the Table 1.

Figure 3: Importance of predictor variables for hydrogen in the
samples from INP.

other classes with a wider variation of properties; also the
small number of samples lead to some disadvantage for the
prediction models.
Figure 2: Estimated vs Observed values for hydrogen in the
samples from INP.

Table 1: Soil properties coefficients for the INP soil samples.

Stats coef Hydrogen SOM SOC Nitrogen C/N: ratio
R2
RMSE
Min
Median
Max

0.57
0.19
2.29
3.37
4.57

0.43 0.41
3.12 1.85
16.93 9.82
32.18 18.65
49.72 28.80

0.28
3.05
0.49
10.28
17.25

0.05
1.29
14.00
17.77
25.98

Random Forest algorithm build a rank of importance for
predictor variable. Algorithm stroke for Hydrogen, the
most representative region in the spectrum wavelengths for
prediction of Hydrogen were around 2000, 1000 and 900 nm;
for the bands 2165, 1394, 1147 and 890 nm (Figure 3). It is
noteworthy that these are not regions of water absorbance. A
pretreatment of the specters could improve the results.
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