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Correlation analysis between rainfall and
backscatter observations:
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Forest disturbances (i.e. deforestation and deg-

Severe degraded forest area Moderate degraded forest area

radation) are a serious problem significantly con-
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diversity of definitions, varying scale of the

changes, and many drivers that are applying

7. Conclusions

pressure on the forests. As a result, the measur-

ing and mapping of forest degradation is still a Most definitions from the literature agree that forest degradation is
. - related to the detriment of forest structure. We investigated wheth-
technical challenge [1-3]. o s . . o . .
er it was possible to assess significant differences in forest structure
Radar (SAR) data is very promising for detecting BB e sen sapaiod et and link them to different levels of disturbance. A key aim of our re-
1 IE evere degraded forest . .
and monitoring forest degradation considering Field plots Cluster e search was to gain a better understanding of the state of the forest
: e : classification in our study area from the field data in order to investigate the capa-
its sensitivity to above ground biomass and forest
] _ , bilities of multi-frequency SAR data in discriminating variances in
structure [4]. There is also evidence that the inte- o
_ . o . Minor Moderate Severe structure. Results from the SVM show a good approximation to cat-
gration of sensors in combination with field data Parameters disturbed  disturbed  disturbed egorize these forests by degrees of deterioration. And results from
can provide more precise results when monitor- P'°ttre7—hde”5ity 615.64 381.33 212.76 the multi-temporal observations from Sentinel-1 Show the variation
Species/ha 39.18 34.11 27.10
ing changes in forest [5]. Biomass Mg/ha 82.84 60.29 18.93 in the backscatter related to changes. It is particularly important for
Mean height 10.33 12.06 8.62 . . . ] . .
Mean DBH 1891 17.46 17.04 this area, as it has been subject to intense selective logging and gold
Basal area/ha 350.70 208.69 104.46 mining for decades. This study is the first insight into the structural

variability of this forest from a remote sensing perspective.

6.2 SVM Classification results

4. Field site

Multi-sensor classification of the three levels of forest disturbance ob-

7. Further work

served.

Location: Located in the Bajo Calima munici-
pality — in the Pacific costal region at the De-
partment of Valle del Cauca in Colombia. The
area belongs to the Chocd-Darién bioregion:
a national and international important area in
terms of biodiversity and ecosystem services
[6-7].

Ecosystem: Very-moist tropical forest. Precipi-
tation oscillates between 4000 and 8000
mm, therefore it is permanently cloud cover.
Its altitude varies between 0 and 700.

Forest conditions: Very degraded forest due {3
to historical illegal logging and gold mining.

This methodology can be applied and
tested in other study areas and hence
contributes to the scarce knowledge of
how to assess forest disturbances and
degradation. Further research will ex-
plore the temporal dynamics of Alos Pal-
SAR and Alos-2
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