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Convolutional Neural Network Modeling for the Prediction
of Site Index from DEM-based RGB Images: Case Study of
Hinoki (Chamaecyparis obtusa) Plantation Forests in Nara Pre-
fecture, Japan

Yuki Hirose!*, Naoto Matsumura?

Abstract: In the present study, we aimed to develop an efficient prediction model for the site index of hinoki
(Chamaecyparis obtusa) plantations in Higashi Yoshino Village, Nara Prefecture, Japan. For this pur-
pose, we trained a convolutional neural network (CNN) model, then investigated the accuracy of site
index prediction and the reproducibility of topographic factors from digital elevation model (DEM)
image data acquired using an aerial laser scanner. We also examined terrain red-green—blue (RGB)
images, derived from the DEM, as an alternative form of input data. The terrain RGB images outper-
formed DEM images in terms of prediction accuracy and reproducibility for all evaluation indicators.
Reproducibility analysis of elevation, slope, and orientation revealed particularly high accuracy (coef-
ficient of determination > 0.95). Although further improvements to the model are needed, our results
emphasize the practicality of using a CNN model combined with terrain RGB images for site index
predictions. This approach has the potential to achieve prediction accuracy close to or even surpassing
those of existing methods, while requiring fewer types of input data.

Keywords: Convolutional neural network (CNN), digital elevation model (DEM), geographic information system
(GIS), site index prediction model, terrain RGB.

1. Introduction

An understanding of site productivity is essential for the development of appropriate forest
management strategies. Among measures of forest productivity, the “site index”, calculated as the
average height of dominant trees of a specific species at a particular index age (e.g., 40 years in
Japan), is widely accepted (e.g., Noordermeer et al. 2020; Kodani et al. 2011). Many statistical and
machine leaning models have been developed to predict the site index, mainly with application to
an entire country or region, using the topographic conditions of local forest land (e.g., weather,
geology, topography, and soil) as explanatory factors (e.g., Minowa et al. 2009; Farrelly et al. 2011;
Sharma et al. 2012; Gonzalez-Rodriguez and Diéguez-Aranda 2020; Nakao et al. 2022). Recent stud-
ies have suggested that the use of deep-learning methods, which are rapidly evolving, in prediction
models could improve model prediction accuracy compared with conventional models (Hirose and
Matsumura 2018).

Japan has many private forests, but they are often small and under dispersed ownership. In this
context, Japan is promoting “smart forestry” that uses high-resolution (e.g., small forest area, single-
tree scale) and high-precision forest information, thereby leveraging the ongoing development and
diffusion of remote-sensing technology (MAFF 2018; MAFF 2022). However, practical applications
of the site index have been insufficient; problems arise from the applicable site scale, technical
hurdles in model development, and low model prediction accuracy. Resolutions for these issues are
needed to promote smart forestry.

Regarding site index prediction, many explanatory factors in prediction models applied in Japan
have been composed of multiple types of numerical or categorical topographic factors (e.g., slope,
aspect, and curvature) derived from geographic information system (GIS) processing of digital el-
evation model (DEM) data. Although, there are some commonalities depending on the ecological
characteristics of each tree species, the optimal combination and importance of topographic factors
differs according to study site and spatial scale (e.g., Morisada 2016; Nakao et al. 2022). Therefore, it
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is necessary to select the topographic factors appropriate to the site; however, this generally requires
significant time and effort from the perspective of topographic data acquisition and prediction model
evaluation. Gonzélez-Rodriguez and Diéguez-Aranda (2020) developed a high-performance site in-
dex model; however, they themselves noted that it was inappropriate to require many explanatory
variables, including non-topographic factors. In practical site index prediction, there is a need to
develop new methods that allow for the simple selection and acquisition of a smaller number of
effective explanatory factors, while ensuring a certain level of accuracy.

Considering these circumstances, we focused on convolutional neural networks (CNNs), a type
of deep learning, for precise and efficient site index prediction. Among machine learning techniques,
CNNs—used in the field of image classification—can automatically process tasks that previously
required expert-mediated feature extraction during model training. The classification accuracy of
CNNs has reached a level similar to, or even higher than human accuracy, leading to breakthroughs in
image classification tasks (e.g., Taigman et al. 2014; He et al. 2015). As an example of the application
of DEM images to regression tasks (e.g., site index), Heo et al. (2019) used regression estimation of
DEM-derived solar radiation, which was determined from a mathematical model that utilized a CNN
model with DEM images as input data. For site index prediction, Hirose and Matsumura (2018)
used deep learning but not specifically CNNs. CNNs offer the advantage of directly treating DEM
images that spatially incorporate topographic factors, enabling both spatial and areal processing of
the terrain structure of the target area. In the present study, we used a CNN model to predict the
site index, then investigated its effectiveness considering conventional challenges to the prediction
models. Specifically, we used only DEM image data as the explanatory factor (i.e., input data)
with a CNN model—rather than using multiple DEM-derived topographic factors, conventionally
regarded as explanatory factors-to predict the site index (i.e., output data).

2. Materials and Methods

The methods of this study are summarized and compared with existing methods in Figure 1.

Explanatory variable Prediction model
Topographical factors - Statistical model
derived by DEM using GIS - Machine learning
o - Elevation - required Site index
Existing | - Slope multiple hyperparameters
method |- Aspect variables tuning Calculated by
- Curvature “site index curves”
- Openness - Accuracy
comparison
. Input image Prediction model Topographical
This one factors
method | - DEM (one-channel) image - Convolutional -
- Terrain RGB (three-channel) Neural Network - Elevation
(CNN) by AutoKeras - Slope
6:' - Aspect
Reproducibility | -~ Curvature
investigation |~ Openness

Figure 1. Overview of the methods.

2.1 Site

We conducted the study in Mugitani district (elevation: 854-1,241 m) in the Nara Prefectural
Forest located in Higashi Yoshino Village, Nara Prefecture, Japan (Figure 2). This district is a public
plantation forest area owned by Nara Prefecture, which has more accurate information regarding
forest age, necessary for calculations of the site index, compared with nearby privately owned forests.
The forest in this site is composed of hinoki (Chamaecyparis obtusa) with stand age ranging from
29 to 36 years old.
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Figure 2. Location of the sample site.

2.2 Data

We used the following datasets for the present study.

1. Aerial laser survey (ALS) data for Nara Prefecture: DEM image dataset (resolution: 0.5 m).

The data was obtained from an ALS project (minimum datapoint density: 4 pt ,m?) con-
ducted by Nara Prefecture in 2020.

2. ALS analysis data for Nara Prefecture: tree species mesh polygon data (mesh size: 10 m by
10 m) and treetop position point data with tree height values.

The data was derived from an analysis conducted by Nara Prefecture in 2021, using the 2020
ALS data. The accuracies of tree species classification and tree height were approximately 80%
in the verification survey. Although there is room for discussion regarding the accuracy of tree
height, in this study, we assume these values are accurate.

3. Forest planning map (polygon data) and forest register of the Nara Prefectural Forest.

The forest planning map records the spatial distribution of tree species, whereas the forest
register records the age and other details of the tree species corresponding to the map.

The sample data were extracted from the above-described datasets as follows (Figure 3).

1. Extraction of hinoki DEM images

From dataset 1, we extracted DEM images of 10 x 10 pixels covering a 5 x 5-m area. These
images were selected from overlapping areas in which the tree species was classified as hinoki
in datasets 2 and 3. We excluded meshes adjacent to other tree species, where the accuracy of
tree species classification was expected to be low.

II. Calculation of the site index and extraction of DEM images for samples.

The site index was calculated for each individual tree using the site index curves for hinoki
plantation forest in Nara Prefecture (Waguchi et al. 2019), based on the tree height from
dataset 2, and forest age from dataset 3 for trees in the images described in step I. To ensure
the quantity and quality of the sample data, we selected DEM images in which the number
of treetops (i.e., standing trees) exceeded three and the average site index ranged from 8 to
19, which is the standard range of the site index curves. These criteria yielded a final total
value of 4491 DEM images for sampling (Figure 4). Accordingly, an area of 5 x 5 m, within
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hinoki plantation forest and containing at least three trees, was regarded as one forest area
in this study. Although this differs from the IUFRO definition, which uses the average height
of the tallest 100 trees per hectare, the need for abundant sample data for CNN training and
the goal of collecting as many samples as possible within the study area led us to use the
average tree height of all standing trees within each 5 x 5 m cell. Adopting such small-scale
cells allowed for the collection of high-resolution data, which is particularly effective in Japan
where small-scale, dispersed forest ownership is common. The site index was predicted from
the DEM image (resolution: 0.5 m, number of pixels: 10 x 10) of this forest area.

Dataset 3.
Dataset 2. Forest planning map Dataset 1.
ALS analysis data and forest register of ALS data
for Nara Prefecture the Nara Prefectural for Nara Prefecture
Forest
Tree —
height "FofeS" age Hinoki d DEM
(Resolution: 0.5m)
Site index curves for Site index
hinoki plantation forest -»| Hinoki DEM images
in Nara Prefecture

The number of treetops: =3

i The average site index: 8 - 19

4491 DEM images
(5 x 5m)
with site index

Figure 3. Flowchart of sample data acquisition.
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Figure 4. Overview of the sample data.

The DEM image as input image was smaller than those used in Heo et al. (2019)’s CNN regression
method involving DEM images. The smaller size caused the differences in elevation values derived



Convolutional Neural Network Modeling for the Prediction of Site Index

from one-channel DEM images between pixels to be relatively minor, potentially complicating the
extraction of terrain features within each image. Hence, in our study, we used both traditional
one-channel DEM images, which represent actual elevation values in a 32-bit floating-point format
ranging from approximately —3.4 x 1038 to 3.4 x 1038, and terrain red—green—blue (RGB) image
data, which encodes actual elevation values based on specific rules (Mapbox 2023). The terrain RGB
images consist of three channels converted elevation values derived from one-channel DEM images
into RGB values, each was represented as an 8-bit unsigned integer (totaling 24 bits) with values
ranging from 0 to 255. The terrain RGB images have been utilized in both visual and analytical,
ranging from styling terrain slope and hill shades to generating 3D terrain meshes for video games.
The conversion of elevation values into RGB values is performed using the rio-rgb tool developed
by Mapbox, an open-source Python library. The process is described as follows.

I. Normalization
Elevation value is adjusted by subtracting a predetermined base value (-10,000) and then normalizing

the data by a specified interval (0.1). In this step, the normalized values are rounded to integer values.

Elevation — (—10,000)
0.1

[” datanorm =

II. RGB color channel

RGB values are obtained using a floor function applied to data,orm-

| 2etgppem | [ 2etgppem |

| —&—] 5
RN =
Lmj LMJ
I <N R
datanorm datanorm
[4] B=(5 Lo 1) x50

For instance, elevation values from 854 to 1241 meters are represented by RGB values ranging from
R:1, G:167, B:252 to R:1, G:183, B:26.

The terrain RGB images have higher sensitivity to elevation values compared to one-channel
DEM images due to this pseudo base-256 as RGB encoding, enabling more detailed and diverse
depictions of terrain variations and undulations associated with topographic factors. The detailed
and diverse color information in RGB images is particularly well-suited for the convolutional layers
of a CNN. The convolutional layers analyze the terrain features by filtering and accentuating specific
patterns within the RGB data, such as variations in color intensity and texture contrasts (Zeiler and
Fergus 2014). This advanced processing capability suggests that the CNN can extract more nuanced
and detailed features necessary for site index prediction from the terrain, potentially enhancing its
overall performance. Based on the conversion process, the relationship between elevation values and
RGB values is as follows: elevation(m) = —10, 000+ ((R x 256 x 256+G x 256+ B) x 0.1. Furthermore,
to better accentuate the detailed terrain features of the terrain, we multiplied the elevation values
by 10 and then used the rio-rgb tool to create terrain RGB maps (Figure 5).
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Figure 5. Terrain RGB map of the study site.

2.3 Model design

AutoKeras (DATA Lab at Texas A&M University, College Station, TX, USA) is based on the
Keras neural network library. It automates the processes of model architecture search, hyperpa-
rameter tuning and model selection while encapsulating the end-to-end process from raw datasets
to trained machine-learning models in a simple, flexible interface (Chollet et al. 2023). We used
AutoKeras to construct a CNN model that could predict site index (i.e., output data) using either
DEM or terrain RGB images (i.e., input data).

Considering the variability inherent in each process during model development, the best model
was determined from 50 iterations of model architecture search and hyperparameter tuning, using
the training data. Predictive simulations were then executed using the test data. The best models
selected from the training process were subsequently assessed based on the average results from 10
simulations for each task.

Furthermore, using AutoKeras, we anticipate that optimal model selection, which has tradition-
ally required significant time and effort, will be automated by its search algorithm to allow future
applications of our method in other regions.

2.4 Evaluation method

To assess the generalization performance of the trained model, the sample data (4491 sam-
ples) were divided into two groups: 95% (4266 samples) were used as training data and 5% (225
samples) were used as test data. Prediction results from the test data were used to compute
the coefficient of determination (R?), root mean square error (RMSE), and relative RMSE (i.e.,
RMSE /standarddeviationoftestdata). R? was calculated using the formula provided by the scikit-
learn developers (2023):

iy - @i)2)2
Z?:1(yi —Yi

where y represents the actual observed values in the dataset; § denotes the values predicted by
the model; y; and g; are individual observed and predicted data points, respectively; ¥ signifies the
average of the observed values; and n is the total number of data points in the analysis.

During hyperparameter adjustment, 10% of the training data were used as validation data (427
samples), and the training was repeated to minimize RMSE.

To compare our CNN-based model with existing prediction models, we performed linear regres-
sion and deep-learning model (excluding CNN) analyses. The prediction models were based on either
elevation as the sole explanatory variable, or on five topographic factors as explanatory variables,
using the same approach established for CNN input data. The deep-learning model was constructed
using AutoKeras under the same conditions as the CNN.
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2.5 Reproducibility of the topographical factors

Before prediction of the site index, we investigated the ability of the CNN model to reproduce
topographic factors from the DEM or terrain RGB images. The following topographic factors were
selected based on previous studies: elevation, slope, aspect, curvature (i.e., degree of unevenness),
and openness (i.e., degree of exposure over a 100-m radius). The values of each terrain factor at the
pixel located in the center of the DEM image or terrain RGB image (i.e., input data) of the sample
data were predicted (Figure 6). The values of the five topographic factors were obtained by running
the raster analysis function of GIS software on DEM images depicting the entire study site. As GIS
software, we used QGIS ver. 3.10.14 (QGIS Development Team) for elevation, slope, and aspect
(with a 100-m search radius) and ArcGIS Pro ver. 2.7.0 (Esri, Redlands, CA, USA) for curvature.

DEM Slope Aspect Curvature Openess
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1225 200 :
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1175 40 0.4
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Figure 6. Boxplot of the five topographic factors.

Figure 7 shows the relationships among the input data, output data, and CNN model.

- five topographic factors
- Site index

Terrain RGB image

Figure 7. Overview of the input data, output data, and CNN model.
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3. Results and Discussion
3.1 Reproducibility of topographic factors

All evaluation indicators indicated that the terrain RGB images, as input data, had higher re-
producibility compared with DEM images (Table 1; the architecture of each model with terrain
RGB is presented in Table 2, representing 1 of the 10 simulations conducted using AutoKeras). A
possible explanation for this result is that the terrain RGB images, which clearly represent topo-
graphic changes, are more effective for CNN learning as expected. For the DEM images, R? was < 0,
except for elevation, and the accuracy was poor. Conversely, the only factor accurately reproduced
by DEM images was elevation, which can be attributed to the center pixel value representing the
actual elevation. High reproducibility for elevation was also observed at the same level (R? = 1.00)
in terrain RGB images.

Regarding the topographic factors for terrain RGB images, high reproducibility was observed for
elevation, slope, and aspect, with R? values of 0.95-1.00; the R? values for curvature and openness
were lower. The computations for curvature may have been more complex than computations for
other topographic factors, reducing its reproducibility. In contrast, openness was calculated with a
search radius of 100 m in the GIS analysis, which represents an area much larger than depicted in the
input data image (5 x 5 m); therefore, the information necessary for reproduction was insufficient.

Table 1. Average result of 10 simulations of the topographic factors.

| i R? RMSE relative
nput image
P g RMSE
Elevation DEM 1.00 0.9m 2%
Mean=1151m
SD=44.1m Terrain RGB 1.00 0.8m 2%
Slope DEM 0.00 8.4 103%
Mean=36.0°
SD=g.2° Terrain RGB 0.96 1.7° 21%
Aspect DEM -3.04 947" 170%
Mean=207"
SD=55.7° Terrain RGB 0.97 9.2° 16%
Curvature DEM -0.01 71.4 103%
Mean= 0.06
SD=69.34 Terrain RGB 0.61 43.2 62%
Openness DEM -1.91 0.11 138%
Mean=0.29

5D=0.08 Terrain RGB 0.53 0.05 68%

3.2 Site index prediction

Similar to the topographic factor results, the site accuracy predictions were more accurate when
using terrain RGB images than when using DEM images as input data (Table 3). Thus, terrain
RGB images, which represent more topographic changes, are effective for site index prediction.

While the CNN model using terrain RGB images demonstrated higher prediction performance
than models that used only elevation as the explanatory variable, it showed no advantage over
models that used a combination of five topographic factors. Below, we discuss four main reasons for
this outcome.

I. Reproducibility and predictive performance of the CNN model

As noted in section 3-1, the CNN model showed low reproducibility for some terrain factors,
suggesting that terrain features required for the site index were not fully captured. In this
study, AutoML was used to automatically perform model architecture search, hyperparameter
tuning, and model selection, but further improvements in accuracy might be achieved by using
a CNN architecture (e.g., GoogLeNet; ResNet) not supported by AutoKeras, or by performing
detailed hyperparameter searches.
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Table 2. Example architectures of CNN models with terrain RGB for 10 simulations.
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Table 3. Average result of 10 simulations of the site index.
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II. Error in the site index

We used site index curves to obtain true site index values from ALS-based tree height data
and forest age in the forest register. However, the tree height data accuracy was approximately
80%; the site index data likely contained a degree of error.

III. Input image size

Both types of input data (i.e., DEM and terrain RGB images) were 5 x 5 m with a 0.5-m reso-
lution; however, this image size may have been insufficient. For example, a study of Japanese
hinoki plantations revealed that the optimal resolution for calculating the degree of curvature,
which is strongly related to moisture level, was 35 m among several patterns; the researchers
concluded that higher resolutions did not necessarily yield better results (Ehara et al. 2009).
In the present study, we selected an image size and resolution that would ensure enough sam-
ples and pixels were available to construct the CNN prediction model. Future studies should
investigate the optimal scale and resolution for site index prediction by comparing multiple
image sizes and resolutions from a wider study area.

IV. Number of samples Typically, when using deep-learning methods such as CNNs, performance
tends to improve when more samples are included (Sun et al. 2017). In the present study, we
used approximately 4,500 samples. In contrast, Heo et al. (2019) used 25,000 input images
for model training. Although the number of required samples depends on the task and model
used, considering the relatively small number of samples used in this study, we expect that a
greater number of samples would improve the terrain factor reproducibility.

4. Conclusions

We investigated the reproducibility of five representative topographic factors and the site index
prediction accuracy based on either DEM or terrain RGB images at a 5 x 5 m scale using a CNN
model for hinoki plantations in Higashi Yoshino Village, Nara Prefecture, Japan. All evaluation
indicators suggested that, compared with DEM images, terrain RGB images yielded better results
and were effective for CNN model training. High reproducibility (R?* > 0.95) was confirmed for
elevation, slope, and aspect. Although the site index prediction accuracy was lower than the accuracy
of conventional prediction modeling using five topographic factors as explanatory variables, the use of
terrain RGB images alone can provide an accuracy close to existing methods. Moreover, considering
that these results were obtained using AutoKeras, which partially automates architecture design and
hyperparameter tuning, tasks that have traditionally required advanced technical skills, it has the
potential to resolve issues that have hindered the practical application of the site index. As a next
step, we will improve the quality and quantity of sample data for the CNN model, especially focusing
on curvature and openness where low reproducibility was confirmed, with the goal of improving site
index prediction accuracy.
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