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Figure 1. Study area in Iran and Kermanshah province.
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Table 1. Landsat 8-derived spectral variables.
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Table 2. Summary descriptive statistics of the aboveground carbon storage per plot (ton/ha)
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Table 3. Statistical parameters of the AGC estimation by used non-parametric methods via “leave-one-out” cross
validation for Sarfiruzabad, Gahvareh and Total.
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Used variables Bias (Ma/h Root mean square error coefficient Modeling
ias (Mg/ha) (Mg/ha) method
BG & NR 0.02 (0.3%) 1.72 (27.77%) 0.52 RF W5 e S
NDVI & TCD 0.01 (0.12%) 1.73 (27.83) 0.52 ANN PR
G,R&N 0.08 (1.23%) 1.53 (24.72%) 0.63 Cubist Sarfiruzabad
NR & BR 0.00 (-0.01%) 1.62 (26.13%) 0.57 MARS forest
S1S2 &MSAVI2 0.06 (-0.61) 3.02 (30.43) 0.73 RF
TCA & PC6 0.05 (0.52%) 3.15 (31.70%) 0.71 ANN o)l5S S
R, S2, GREENESS & S1  -0.02 (-0.17) 2.99 (29.99%) 0.74 Cubist Gahvareh forest
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N,R &B 0.23 (-2.82%) 2.56 (31.62%) 0.73 Cubist Total
NR & S1S2 0.03 (-0.45%) 2.54 (31.83%) 0.73 MARS

RF: Random forest, ANN: Artificial Neural Network, MARS: Multivariate adaptive regression spline, BG: B/G, NR:N/R, NDVI:
Normalized different vegetation index, Tasseled Cap Distance, BR: B/R, MSAVI2: Modified Soil-adjusted Vegetation Index II,

TCA: Tasseled Cap Angle, S1S2: S1/S2, GREENESS: Tasseled Cap Greeness,
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Figure 2. Scatterplot of aboveground biomass carbon predicted vs. observed by used non-parametric via “leave-one-
out” cross validation for Sarfiruzabad forest (up), Gahvareh (middel), Total (down).
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Abstract

Background and objectives: Information on aboveground carbon (AGC) is important for
managing forests at local level, land management at regional levels, and carbon emissions
reporting at national and international levels; therefore, there is a critical need for low-cost and
time-saving approaches for quantifying of AGC. According to this, the estimation of
aboveground carbon stock from remotely-sensed data has currently attracted a lot of attention.
We assessed the capability of Landsat 8-derived spectral variables for AGC estimates in Zagros
coppice oak forests by four non-parametric modeling including: random forest (RF), Cubist,
Multivariate adaptive regression spline (MARS) and artificial neural networks (ANNS)
Materials and methods: The study was carried out in part of Zagros forest, in Kermanshah
Province. The values of aboveground carbon (AGC) terrestrial references was determined using
field measurement data collected in two sites, Gahvareh (very low degraded (LD) site) and
SarfiruzAbad (highly degraded (HD) site). Totally, 124 plots (30x30 meters) surveyed in two
studied sites by the systematically-gridded plot design and AGC were calculated by developed
species-specific allometric equations for Brant oak trees. For modeling AGC using the
remotely-sensed data, we used different Landsat 8 derived variables such as single raw bands,
simple band ratios, vegetation indices, principle component analysis and tasseled cap as
independent variables and calculated AGC values in plots as dependent variable. The
assessment of accuracies of four used non-parametric modeling methods: RF, Cubist, MARS
and ANNs and was evaluated by “Leave-one-out” cross validation via criteria such as
coefficient of variation (R?), root mean square error (RMSE) and bias.

Results: The results showed the accuracy of AGC estimates in LD site was better than HD site.
The comparison of used modeling methods revealed that there are not significant difference in
performances and accuracies of used non-parametric approaches. In additional, using the total
plots from two test sites in one model caused the increase the results for HD site estimates.
Conclusion: Results showed R? and relative RMSE values of approximately 0.7 and 32% cross-
validated (combined two studied sites) for modeling AGC using Landsat derived variables,
which reveals the high potential of Landsat 8 images and non-parametric modeling methods for
quantifying AGC in cost and time saving approach for Zagros forests.

Keywords: Artificial Neural Networks, Cubist, Multivariate Adaptive Regression Splines,
Random Forest, Remote sensing
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