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ABSTRACT   

Agroforestry is a land use management-system represents unique vegetation characteristics among tree vegetation types. 
Tree height is a vegetation variable used to characterize vertical structure, including mixed vegetation structure in 
agroforestry. Estimation of tree heights with multispectral imagery is a relatively new application and is dependent on 
integrating synoptic coverage optical data with samples of height data, often from LiDAR-derived reference data. In this 
study, multispectral Landsat 8 data, Unmanned Aerial Vehicle (UAV)-based LiDAR height data and a log-linear 
regression model were used to estimate tree height for agroforestry land use in western part of Java Island, Indonesia. 
We generated a Canopy Height Model (CHM) directly from height-normalized LiDAR points and used as reference data 
in modeling the key height variable in the multispectral bands of Landsat 8. The analysis showed that red band was the 
best band to estimate tree height in agroforestry land use, followed by swir band. The log-linear regression algorithm of 
red band accurately reproduced the LiDAR-derived height training data using Landsat 8 data with overestimate 1.46 m in 
estimating tree height < 5 m and underestimate 7.79 m for tree height > 20 m. 
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1. INTRODUCTION  
Agroforestry is a land use management system, which represents unique land use practices with mixed vegetation types; 
combines trees, shrubs, palms and crops. These flexible combinations tailored to the needs of landowners1. Some 
previous studies emphasize that agroforestry has an important role to maintain carbon (C) sequestration in agricultural 
lands as it provides higher carbon density than annual crops or pasture2,3,4. The Intergovernmental Panel on Climate 
Change (IPCC) recognized the role of agroforestry for C sequestration5. Consequently, a vegetation monitoring system 
in agroforestry land use is required to adjust agroforestry as an effective strategy for C sequestration. 

The mixed vegetation characterizes the canopy structure of agroforestry land use, which refers to the shapes of various 
plant organs (e.g. leaves, stems) and different tree height. Canopy structure is a vegetation variable used to characterize 
vertical structure, including mixed vegetation structure in agroforestry6. 

LiDAR remote sensing technology provides relatively accurate and effective datasets to estimate and monitor the 
vegetation structure, which will refer to the biomass and C stock of different vegetation types7. One of the main 
advantages of LiDAR is that it can penetrate through the small canopy gaps for detecting vertical structure and extracting 
ground elevation. The height information derived from LiDAR data is strongly related to biomass for most tree 
species8,9.  

Estimation of tree heights with multispectral imagery is a relatively new application and is dependent on integrating 
optical-sensor data with samples of height data from LiDAR-derived reference data10. Several studies applied an 
integration of the LiDAR data with optical-sensor data, for example, characterizing forest structure11, quantifying forest 
biomass at a sub-national scale12, estimating change in vertical structure13, and creating global forest height maps14. This 
paper evaluates the spectral characteristics of Landsat 8 in correlation with the height datasets from airborne-based 
LiDAR data to estimate the tree height attribute of agroforestry land use in western part of Java Island. We generate a 
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canopy height model (CHM) directly from height-normalized LiDAR cloud points and used as the reference data in 
modeling the key height variable of Landsat 8.  

2. METHODOLOGY 
2.1 Study area  

This study encompassed agroforestry land use in Cidanau Watershed, which is located on the western part of the Java 
Island (06°07’30”S 105°49’00”E to 06°18’00”S 106°04’00”E) (Figure 1). The study site lies at an elevation from 192 to 
400 m above sea level (asl) and the majority of areas have very steep slope. The several rivers that originate in the 
surrounding hills flow to the main river, the Cidanau River.    

Agroforestry land use in the study site consists of 6 dominant agroforestry types, namely: Sengon (Paraserianthes 
falcataria), Clove (Eugenia aromatic), Melinjo (Gnetum gnemon L), Cacao (Theobroma cacao), Coffea plant (Coffea 
arabica) and complex mixed plants agroforestry. Complex agroforestry is dominant agroforestry type in Cidanau 
Watershed as the trees are very diverse15. 

 

 
Figure 1. The study site 

 

2.2 Landsat 8 data  

Landsat 8 image over our study area (path/row: 123/064) for August 27, 2017 was acquired from the United States 
Geological Survey (USGS) Landsat archive (http://earthexplorer.usgs.gov). That data had already been systematically 
corrected for terrain and converted to top of atmosphere radiance (L1T data product). However, due to topographic 
variations of study area, we applied illumination algorithm to correct the reflectance from terrain effect16. In this study, 
longer wavelength red (0.630–0.680 μm), near infrared (0.845–0.885 μm) and shortwave infrared (1.560–1.660 μm) 
bands were used as inputs. Meanwhile, the shorter wavelength of blue and green bands were not used in this study, due 
to persistent atmospheric contamination and scattering effects17. 

2.3 LiDAR data  

LiDAR data were acquired on 11 September 2017 using YellowScan LiDAR system (YellowScan Mapper) on a 
hexacopter platform (DJI Matrice 600). In order to provide a higher point density, we set flight parameters of the LIDAR 
scanning as follows: flying height – 70 m above ground, laser time gap – 2 s, drone speed – 6-8 m/s, point cloud density 
– 12-18 points / m2, vertical accuracy – 10-15 cm, horizontal accuracy – 2x vertical accuracy and flight side lap - 50%. 
Moreover, we preformed initializing inertial measurement unit (IMU) to determine the attitude of the aircraft while the 
sensor taking measurements. These are recorded in degrees to an extremely high accuracy in all three dimensions as roll, 
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pitch and yaw - the vertical and horizontal movements of the aircraft in flight. From these two datasets, the laser beams 
exit geometry was calculated relative to the Earth's surface coordinates based on two instruments; transmitter RTK 
GNSS LiDAR antenna and TOPCON GR 5. 

The LiDAR points cloud data were processed using the lidR package in R (https://github.com/Jean-Romain/lidR). Using 
the lidR package, we created the CHM directly from height-normalized LiDAR points with a 2-m pixel size image. 
Rasterizing canopy height model in detail can be seen in https://github.com/Jean-Romain/lidR/wiki/Rasterizing-perfect-
canopy-height-models. 

To capture the variability of the study area, five locations were selected based on stratification of difference landscape 
(Figure 2-a). Each location was overlaid with a 30 m fishnet corresponding to the pixels of the Landsat 8 data (Figure 2-
b). This procedure provided the height data-derived from the LiDAR data within the corresponding Landsat pixels, and 
used as a reference data to evaluate the spectral characteristics of Landsat 8. The final number of grid samples in the 
reference dataset was 981 grids. 

 
Figure 2. a) The 5-sites selected as LiDAR data sampling, b). 30 m-grid correspond to the pixel size of Landsat 8 

 

2.4 Correlation model of canopy height and multispectral Landsat 8 data 

Considering simple bivariate linear model, we used the log-linear regression model log Yi = α + β*Xi + εi, to estimate tree 
height from a key height variable of multispectral bands of Landsat 8, where Y represents the Landsat-estimated height 
and X is the reflectance metrics of Landsat. In the log-linear model, the literal interpretation of the estimated coefficient β 
is that a one-unit increase in X will produce an expected increase in log Y of β units. Logarithmically transforming 
variables in a regression model is very common way to handle situations where a non-linear relationship exists between 
the independent and dependent variables. For assessing the accuracy of Landsat-estimated height data, we applied a 
mean absolute error (MAE) of the result and LiDAR-derived height in several sampling data by using a formula below: 

 = ∑ | − |																																																																																													 (1) 
                                                                  
where y is the Landsat-estimated height data, and x is the LiDAR-derived height data. 
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3. RESULTS AND DISCUSSION 
3.1 Canopy Height Model  

Canopy Height Model (CHM) is typically raster representations of the tree canopy. Figure 3 shows the result of LiDAR-
height derived in a study site overlaid with the 30-m grid of Landsat. The figure indicates that there is a disparity 
between the average patch size of the canopy height and the Landsat pixel size (30-m grid). It revealed to the mixed 
height-pixel issue in agroforestry land use. 

 
Figure 3. a) Canopy Height Model derived from LiDAR data, b) RGB orthophoto image. The black line represents the grid 
for 30-m Landsat pixel 

 
3.2 Height variable of the multispectral metric  

The analysis showed that, for mapping tree height in agroforestry land use, red band was found to be the best band, 
followed by swir band. Meanwhile, nir band was not significantly correlated with the tree height attribute. The red, swir 
and nir reflectance metrics accounted for 59.4%, 53.7% and 0.04% of Landsat log-linear models. Figure 4 illustrates the 
relationship between each reflectance metric and LiDAR-derived tree height over 981 sample grids. Estimated tree 
heights from red reflectance metric is shown in Figure 5. This result conformed to a study in Sub-Saharan Africa by 
Hansen et al (2016) that red reflectance was the most important variable in estimating tree height. 

3.3 LiDAR-derived height versus Landsat-estimated height  

Mean absolute error (MAE) is a measure of difference between two continuous variables between Landsat-estimated 
height and LiDAR-derived height data. The results show a near-functional equivalency for each input data set as shown 
in Table 1. Mean absolute errors were highest in the tree height >20 m. These results indicate a likely lack of sensitivity 
of Landsat, as a mean of underestimate in the tree height >20 m and overestimate in the height <5 m. A lack of signal to 
differentiate taller canopies is a likely reason, as shown in Figure 4-a. Meanwhile, overestimates in the tree height <5 m 
were likely due to the presence of poor quality LiDAR retrievals of low cover conditions. 

 
Table 1. Mean absolute errors from LiDAR-derived height and Landsat-estimated height by the log-linear model 

LiDAR tree height (CHM) Errors from Landsat 8-estimated height 
0 – 5 m 1.46 

5 – 10 m 0.61 
10 – 15 m -1.63 
15 – 20 m -4.94 

> 20 m -7.99 
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Figure 4. Correlation model between red reflectance of Landsat 8 and LiDAR-derived height in 5–selected sampling sites 

 

 
Figure 5. a) Estimated tree height from red reflectance of Landsat, b) Landsat image (RGB: 6-5-3) 
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