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1 — ODbjectives

The aim of this work is to produce a predicted soil classes map,
at a scale of 1 :50,000, validated by point data in the area of
Vercel (Jura, France). On this area (Fig.1l), the approach we
detail here led to mapping a surface of which only ¥ was
previously mapped. 2348 point data scattered over the whole
territory were used to calibrate and validate the model.
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Fig. 1 - Location of the study area, training and validation area used with point and polygon
data
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3 — Methods

First, we produced a predictive map from point data. Half of these points were used to calibrate a
model using boosted regression trees. The remaining were used for validation. We tested 8 iterations
(Fig. 3) of increasing size sliding window (focal mean). We then used the same approach but taking

the existing soll units as calibration and validation data.
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4 — Results

B — Comparison of the two approaches

1 - We have produced two prediction maps. The Fig.
6a was obtained with point data as training dataset and
Fig. 7a with the existing soil map as training dataset.
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2 — Data

The derivatives from the ASTER DEM (Fig.2) were averaged
using focal mean circular windows of 8 varying sizes (radius
from 30 to 1800 m). We have also used categorical data such as
land use and geology rasterized to the same resolution.
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Fig. 2 — Main covatriate predictors derived from DEM used to predict soil types
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unit, we have used a filter
based on the dominant classes
(focal majority), |in order to
obtain a map with clear, abrupt
limits.
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Fig. 3 - Computational scheme used to predict soil types
from surface and point data with MART model on the
Vercel region
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4 — Results

The relative contribution of covariates predictors was
calculated from the data used to fit the model with the
point data. Considering all soil classes, the most
Influent variables are the geology and the aspect. Both
accounting for more than 90%. Some terrain attributes
with a small focal mean radius were of Ilittle
Importance, usually accounting for less than 50% in
the prediction, regardless of soil class. However,
elevation (mne), curvature (curv) and slope (pente)
with a large focal mean radius (60 pixels) have a
moﬁenaiejnin predicting the main soil class.
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Fig. 4 - Relative contribution of the main variables for all classes with the point
data
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§e evolution of the global classification

A — Global perfomances of predictions®

(G) and the kappa Iindex (K)

depending on the size of the smoothing
window (focal mean function) applied to the
topographic predictors shows a good
correlation. The growth of the smoothing
window impacts positively the G and the K.
Many tests have been produced with the
same dataset adding at each iteration
predictors with a larger smoothing radius
from 3 to 60 pixels. We had to stop after 8
iterations (Fig. 3) because the calculating
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Fig. 5 - Global classification index (G) and Kappa index (K)
evolution depending on the size of the focal mean window
used on the topographic index in pixels.

Foerthe point training dataset, we can observe (Fig.
6b) that the probabillity levels of the prediction are well
distributed on the map. This can be explained by the
relative homogeneous spatial distribution of the point
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Fig. 7 - Soil classes predictions obtained using the existing soil map : predicted
classes (a) and probability map (b)

4 - Finally, the soil surveyor expertise was used to
- - produce a synthesis of these two predictions to obtain
classes a chloropleth map of soil classes (Fig. 8). The main
principle of this expertise was the following : when the
results of the two predictions were conflicting, the point
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Fig. 6 - Soil classes predictions obtained using point data : predicted classes (a) data were preferred In order to get a map
and probability map (b) corresponding, as much as possible, to the terrain
. . . . . ohservations

2 - The soil classes obtained by using the existing soil Sof Unt

) o ] i i 2 3 4 5 7 8 9 10 13 14 15 17 19
map (Flg 7a) ShOWS a predICtlve prObabllty Wlth Number of predicted pixels 141 643 1107 1708 405 2860 36 1940 5428 1 841 16 162 163
decreasing as the distance to the training area e scomey iy 30 3 91 o1 25 25 75 41 e o 8 o 4 o
iIncreases (Fig. 7b). The confusion matrix calculated for e =
the Internal Valldatlon (Tab 1) ShOWS that the model flt *Produ|cer's accuracy: proF).abiIitythataknownchation is predic'tedwell. |

. ** User's accuracy: probability that a sample predicted as belonging to a certain class really represents that class.

was good and that most of the soil classes are well
predicted_ Tab. 2 - Accuracy of the main classes soil types predictions in the validation area

(external validation) with the existing soil map as training data

Soil Unit

1 2 3 4 5 6 7 8 13 14 15 17 18 19
Number of predicted pixels 108 254 1719 1208 1552 287 1351 152 125 69 79 109 122 502
Producer's ag¢curacy (%) 69 70 85 77 86 76 80 78 59 68 70 79 67 70
User's accuracy (%)* 99 91 69 72 71 88 71 95 90 97 96 94 98 85
Overall accunacy (%)** 81
Kappa Index 0,78
* Producer's accuracy: probability that a know n location is predicted well.
** User's acclracy: probability that a sample predicted as belonging to a certain class really represents that class.

Tab. 1 - Accuracy of the main soil classes predictions in the training area (internal
validation) with the point data

3 - Ih the case of the external validation, when the
training and validation surfaces belong to independent
datasets, as shown in red and green in Fig. 1 , the
confusion matrix (Tab. 2) gives lower results that stay
around 46% accuracy. This quite important difference
between internal and external validation could be
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explained by MART modeling which tends to be _ T 2 J o .
: o ! : Fig. 8 - Synthesis of the two predicted maps made by the soil scientist as published
sensible to overfitting especially when using an for the CPF program (French Soil Map at 1/100 000 scale)
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existing map as training dataset.

5 — Conclusion

The aim of this work was to make use of DSM tools to assist a soil surveyor to complete a soil map of which % was
previously conventionally mapped. We extrapolated soil observations using covariate predictors such as geology,
terrain attributes, landuse etc. by using boosted regression trees. Our approach helps saving time of investigation.
However it must be considered as a help for the surveyor and can not replace his knowledge of the soil landscape.
The time saved with those tools, in comparison to classical soil mapping approaches, is estimated to be about 70-80
days for 36,000 ha.

Q%Me@!;%%%nié not sufficient, knowledge of the terrain and external validation remain essential.
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