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Figure 1. Workflow for Zagros forest canopy cover estimation using Landsat 9 data
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Table 1. Vegetation indices generated from the Landsat 9 data

@, Lo 2> ol Jse?
Number Index Name Formula
1 SR Simple Ratio NIR/RED
2 NDVI Normalized Dllfrl:greince Vegetation NIR — RED/NIR + RED
. (NIR-RED)
3 EVI Enhanced Vegetation Index 2.5% PPy
4 GDVI Green Difference Vegetation Index NIR-GREEN
5 NDWI Normalized Difference Water Index GREEN — NIR/GREEN + NIR
6 MNDWI Modified Normalized Differences GREEN — SWIR/GREEN + SWIR
Vegetation Index
7 DVI Difference Vegetation Index NIR-RED
8 Cl Coloration Index RED — GREEN/RED + GREEN
9 GR Green Ratio NIR/GREEN
10 VI Vegetation Index GREEN/RED
R . " NIR-RED
11 SAVI Soil Adjusted Vegetation Index 25x (1 + L)*(NIHRED“)
12 Clgreen Chlorophyll Index Green (NIR/GREEN) — 1
13 DVIMSS Differenced Vegetation Index MSS 2.4x NIR/RED
14 GBNDVI Green-Blue NDVI NIR — (GREEN + BLUE)
reen-=iue NIR + (GREEN + BLUE)
15 GRNDVI Green-Red NDVI NIR — (GREEN + RED)
reen-re NIR + (GREEN + RED)
NIR
R®ep) ~ 1
16 MSR NIR.Red Modified Simple Ratio NIR\Red NIR
®ep) *1
17 ND860.1640 Normalized Difference 860/1640 NIR — SWIR/NIR + SWIR
18 NDGreen.Red Normalized Difference Green/Red GREEN — RED/GREEN + RED
19 NDNIR.Blue Normalized Difference Nir/Blue NIR — BLUE/NIR + BLUE
20 NDNIR.Green Normalized Difference Nir/Green NIR — GREEN/NIR + GREEN
21 NDNIR.SWIR2 Normalized Difference Nir/Swir NIR — SWIR2/NIR + SWIR 2
22 TNDVI Transformed NDVI NIR — RED +05
NIR + RED
23 TVI Transformed Vegetation Index RED — GREEN +05
RED + GREEN
isi i i REEN — RED
24 VARIgreen Visible Atmospherically Resistant GREEN
Index Green GRE(:)E11\I(I:II_IRREDR_E]§)LUE
Wide Dynamic Range Vegetation . -
25 WDRVI _— =
Index 0.1(NIR + RED
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Table 2. Descriptive statistics of measured FCC in the study area
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Figure 3. Frequency of FCC classes in the study area
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Figure 4. Pearson correlation coefficient between FCC and Landsat 9 spectral variables
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Abstract

Introduction: Forest Canopy Cover (FCC) is one of the most important structural characteristics in monitoring
health and quality of forest stands. Measuring this characteristic based on ground methods requires a lot of cost
and time, and it is extremely difficult to implement on a large scale. Today, use of remote sensing techniques can
compensate for the limitations of terrestrial methods. The present study was conducted with the aim of
investigating the efficiency of Landsat 9 satellite in modeling and estimating the canopy cover of the northern
Zagros oak forests.

Materials and methods: In order to collect FCC field data, 79 square plots with dimensions of 45x45 m were
implemented based on systematic-random sampling method with 200200 m grid size in summer 2023 in a part
of Baneh forests, Kurdistan province. In each plot, the large diameter and the perpendicular diameter of the
crown of trees or shoots were measured using a tape measure. Finally, FCC values were calculated for each plot
based on the crown area of each tree or stem. In the present study, a frame of the OLI-2 sensor data of the
Landsat 9 satellite at the Collection 2 Level 1 correction level was received on July 23, 2023. After verifying the
geometrical quality of the image and performing atmospheric correction using FLAASH method, Vegetation
Indices, Principal Component Analysis (PCA), and Tasseled Cap Transformation were performed on the image.
In total, the number of 35 computational bands and 7 original usage bands and the spectral values of these 42
spectral variables obtained from Landsat 9 data were extracted using the map of field plots. In the following,
FCC using stepwise regression (MLR) and non-parametric Random Forest (RF) and Support Vector Machine
(SVM) statistical models based on three sets of spectral variables (original bands, computational bands and
combination of original and computational bands) and 70% of the data were modeled. Finally, the regression
models were evaluated and fitted using the coefficient of determination (R?), root mean square error (RMSE) and
root mean square relative error (rRMSE) statistics using cross-validation method based on 30% of data.

Results: Investigation of FCC data measured on the field data on descriptive statistics showed that the
researched forest is in a semi-dense condition. Pearson's correlation analysis conducted to investigate the
relationship between FCC and spectral variables showed that vegetation indices are more sensitive to FCC
changes. The results of modeling using 70% of the samples showed that the model obtained from RF is based on
the combination of the original and computational bands with R? = 0.88 and rRMSE = 16.95 as the optimal
model in estimating the amount of canopy. The evaluation of the relative importance of the spectral variables
used in the obtained model showed that NDNIR.SWIR2 has the highest influence in the RF modeling process
and PCA of band 7 (PCA.B7) has the least importance. Validation of the obtained models using cross-validation
showed that the RF model obtained from the original bands of the Landsat 9 image with of R? = 0.85 and
rRMSE = 15.65 was selected as the best model for forest canopy estimation and mapping.

Conclusion: In general, this research showed that by using the original bands of Landsat 9 satellite data based on
the RF machine learning algorithm, it is possible to estimate and map the FCC in the traditionally managed
forests of North Zagros with reasonable accuracy.

Keywords: Forest Canopy Cover, Landsat 9, Machine Learning Approach, Zagros Oak Forest.
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