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Abstract: LIDAR as acommonly used activeremote sensingmethod has been frequently appliedin fields like forestry
and agriculture. Many existing studies have utilized commercial non-polarimetric LIDAR for vegetation surveying
and monitoring. A multiwavelength airborne polarimetric LIDAR system (MAPL) was developed for vegetation
remote sensing. The MAPL has dual-wavelength (1063-nm and 532-nm), dual-polarization (co- and cross-
polarization), and full waveform recording, and hence leverages enhanced capabilities for target identification and
classification. In this work, the MAPL data from five different tree types, blue spruce, ponderosa pine, Austrian pine,
ash and maple, were collected. A convolutional neural network (CNN) approach was adopted to classify the trees.
The numerical features, i.e., the peak reflectance intensities and the full width at half maxima (FWHMs), were
extracted from the MAPL waveforms as input to the CNN model. Four different scenarios were studied, i.e.,
SCENARIO 1, dual-wavelength and dual-polarization; SCENARIO 2, single wavelength at 1064-nm with dual-
polarization; SCENARIO 3, single wavelengthat 532 -nm with dual-polarization; and SCENARIO 4, dual-wavelength
with co-polarization only. The study reveals that as the number of the CNN hidden layers increases, the tree-
classification accuracy also improves following a logistic growth model. Furthermore, when the number of hidden
layers is greater than 5, SCENARIO 1 has the highest stability (minimum deviation) and the fastest convergence. The
resultsindicate that both the peak intensityand FWHMs ofthe MAPL waveforms are potent features for deep learning
to classify trees, and CNN is an effective tree classification method in this case. The methodology can be extended to
other agricultural and forestry remote sensing applications.

Keywords: remote sensing, LIDAR, polarization, full waveform, vegetation classification, convolutional neural
network

1. Introduction

Climate change has significant and direct impacts on both agriculture and forestry, so monitoring practices in
these sectors are critical to the understanding of and responding to the changing conditions. This includes tracking
changes in crop yields, tree health, and ecosystem resilience due to shifting in weather patterns such as extreme heat,
droughts, and floods. It necessitates continuous monitoring to adjust and reduce the effects of climate change on land
use practices. [ 1-4].

Carbon sequestration is the practice of removing carbon dioxide (CO2) from the atmosphere and storing it and is

one of the many ways to respond to climate change. Carbon sequestration can occur in two basic forms: biological or
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geological. Furthermore, while carbon sequestration is encouraged through various biological and geo-logical
processes, it also occurs naturally in the environment on the largest scale. Forests and woodlands are considered one
of the best forms of natural carbon sequestration. CO2 is bound to plants during photosynthesis, exchanging it with
oxygen as a purified emission, so monitoring forest health and carbon storage capacity is critical to understand the
impacts of climate change on this crucial ecosystem service [5—7].

As expected, numerous metrics have been suggested to effectively track vegetation distribution. These metrics
need to be statistically robust, demonstrate consistent relationships, respond to the appearance and disappearance of
species, remain comparable and consistent across various scales, be cost-effective, and be straightforward to
comprehend and implement.

To meetthese requirements, many remote sensors have been developed. As a remote sensingtechnology, LIiDAR,
which stands for light detection and ranging, has several advantages, including high accuracy, detailed 3D mapping
capabilities, long-range measurement capabilities, real-time data collection,and minimal environmental impact. Ithas
found wide applications such as autonomous vehicles, surveying, forestry, mining, agriculture, and environmental
monitoring, allowing for accurate terrain analysis and object detection in diverse environments [7,8].

A LiDAR records data in two ways, either discrete return or full waveforms. Discrete return records a single point
or a few points, such as the first return, last return, or peak value. The full waveform records the distribution of the
returned lightenergy as it varies with range, which provides better recording of the scattering events and can provide
more information than a discretereturn system. In vegetation research, full waveform LiDAR can capture the entire
canopy profile and vegetation distribution, provide more detailed canopy 3D structure, and is one of the most effective
tools for forest remote sensing applications [ 9—15]. Furthermore, polarized light is ubiquitous in nature and primarily
produced by reflection or scattering processes. This is because reflection or scattering often causes changes in the
polarization states of the incident light. Therefore, polarized light is a tool that has been applied in many remote
sensing applications. All-natural radiation has a certain degree of polarization (although un-polarized radiation can be
generated), and differences in the target surface characteristics and morphology will change the laser polarization state.
By measuring the polarization states of the received laser beam, the target conditions can be analyzed, which s not
available from non-polarimetric LIDAR. Therefore, polarization is important in remote sensing including vegetation
and global atmospheric aerosol studies [ 16—28]. However, current studies mainly use commercial non-polarimetric
LiDAR systems for tree species monitoring. Therefore, a LiDAR system with full waveform and polarimetric
capability is needed.

Polarimetric LIDAR data analysis involves examining, cleaning, transforming, and modeling data to uncover
valuable insights, such as recognizing patterns and relationships within the data, drawing conclusions, supporting
decision-making, and ultimately, improving outcomes in the field of study, particularly when processing large and
complex datasets thatare notamenable to manual analysis. There are multiple aspects and approaches to data analysis,
including statistical analysis (as the basis for data analysis), machine learning (ML), deep learning (DL), data mining,
neural networks (NNs), artificial intelligence (Al), and more. These methods are not mutually exclusive. In fact, each
method intersects and overlaps with others and provides a unique way to ex tract meaningful information fromthe data
sets [29-33].

The LiDAR vegetation classification is a rapidly growing field that has attracted a lot of attention recently.
Vegetation classification using ML is a method in which a model seeks to assign the correctlabel to a given input.
Typically, the dataset is split into training data, validation data, and testing data. The selected modelis first trained
with the training data, and the model is validated using the validation data to prevent overfitting or to tune the
hyperparameters. Then the model is tested using the testing data to evaluate its performance. Once the performance is
satisfactory, the model is finalized and can be deployed forreal-world data. There are two categories of classification
in remote sensing, such as supervised classification (e.g., decision-tree, support vector machine, random forest
algorithm), unsupervised classification (e.g., clustering, hierarchical clustering, k-means clustering). The neural
networks (e.g., recurrent NNs, convolutional NNs, and Multi-Layer Perceptron) can be either supervised or
unsupervised, depending on the way it is trained. Supervised learning requires ground truth data where specific
vegetation types are pre-identified and labeled, which is then used to train the ML model to recognize similar patterns
innewdata. Unsupervised learning, such as clustering, does not require pre-labeled dataand can analyzelarge datasets
where detailed ground truth information may be limited or lack precise labels. It can identify groups in the data that
may reveal new vegetation patterns or previously unknown plant communities, allowing for preliminary exploration
and identification of potential vegetation clusters [34—38]. Hu and Tan [39] used a decision-tree algorithm to
differentiate the tree species using the intensity signals ofthe tree species captured by the customized multiwavelength
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airborne polarimetric LiDAR system (MAPL) data, and found the re-substitutional accuracy and k-fold validation
accuracy are 96.8% and 95.0%, respectively, even though the process is complex with long classification steps. Then
the full width at half maxima (FWHMs) of the LiDAR waveform were added as another feature for supervised
decision-tree classification, the corresponding accuracy were improved to 98.9% and 94.4% respectively, and the
classification process steps reduced to about one third of the previous process. In addition, using unsupervised
classification methods, such as clustering methods (e.g., k-means, k-medoids, Gaussian mixture model), clustering
accuracies have reached around 80% [40].

Recent progress in sensor technologies has facilitated the acquisition of high-resolution remote sensing data.
These data canreveal vegetation canopies with more fine details. To leverage the growing stream of new sensor data
to meet the rising needs on vegetation assessment and monitoring, efficient, accurate, and flexible data analysis is
needed. In this regard, DL algorithms such as deep convolutional neural networks are currently opening new avenues
to achieve high prediction accuracy and independently uncovering the data features. A series of studies have shown
that convolutional neural network (CNN) method can represent spatial patterns effectively, thereby enabling the
extraction of various vegetation characteristics from remote sensing data [41-49]. The overall accuracy of the
classification can reach above 80%, even between 94 and 97% [44,45]. Zorzi et al. used CNNs to classify full-
waveform airborne LiDAR data to distinguish between six categories: ground vegetation, buildings, power lines,
transmission towers, and street paths, with an overall accuracy of 92.6% [46]. Leigh and Magruder [49] used dual-
wavelength, near-infrared (NIR) and green (GN), and full-waveform airborne LiDAR data for surface classification
and vegetation characterization and found that the combination of NIR and GN response could improve the overall
classification accuracy by up to 6%.

This work, as an extension of previous studies, uses a CNN approach, where the numerical values of the peak
reflectance intensities and FWHMs extracted from the multiwavelength polarimetric LIDAR were used as inputs. We
wantto explore and evaluate the performance of CNN in polarimetric lidar data classification. CNN classification was
performed under four different scenarios: SCENARIO 1, dual-wavelength and dual-polarization; SCENARIO 2, one
wavelength at 1064-nm with dual-polarization; SCENARIO 3, one wavelength at 532-nm with dual-polarization; and
SCENARIO 4, dual-wavelength with co-polarization only. To achieve the objectives, several efforts are required,
beginning with data collection and preparation, progressing to CNN, and concluding with an analysis of how various
factors affect the results and potential areas for future enhancements.

2. Multiwavelength Airborne Polarimetric LIDAR System

The sensor used in this study is the multiwavelength airborne polarimetric LIDAR system (MAPL) designed
specifically for vegetation remote sensing. The MAPL has three main parts, the laser source, the receiver subsystem,
and the data acquisition subsystem, as shown in Figure 1. The system works by controlling a digital delay-pulse
generator through an RS-232 interface by a computer to exchange serial binary data between the two devices. A
transistor-transistor logic (TTL) signal is then generated by the delay generator to control the precise timing of the
LiDAR. The laser emits two laser pulsesat 1064-nm (NIR) and 532-nm (GN) simultaneously. The laser pulses are
backscattered by the vegetation and received by the four photomultiplier-tube (PMT) detectors. They enable the
detection of both co-polarized and cross-polarized laser beams. The outputs of the PMT detectors are digitized and
then sent to the computer. The data is stored in the computer and post-processed. More detailed parameters of the
MAPL can be found in [50-52].

A generic LiIDAR equation for the received laser power is described by [51]

nPpprD?
T T1eR?
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where Py, isthereceivedpowerofthe MAPL, Py is the transmitted powerofthe MAPL, R is the range fromthe MAPL
to the target, D is the diameter of the optical detector, py is the target reflectivity, T, is the one-way atmospheric
transmission coefficient from the MAPL to the target, 7, is the transmitter transmission efficiency, and 7y is the
receiver transmission efficiency. It can be seen that for extended targets, the received power is inversely proportional
to the square of the distance.

The receivedpower has two polarization directions, namely co-polarization Py, and cross-polarization Py. The
cross-polarization ratio is defined as
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It is used to characterize the laser scattering properties of a target in many LiDAR applications [ 52].
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Figure 1. Schematic diagram of the multi-wavelength airborne polarimetric LIDAR system (MAPL).

3. Data Collection and Preparation

This study aims to classify the tree species using CNN based on the combinations ofthe peak and FWHM values.
We also want to evaluate the performance in terms of effectiveness and accuracy of different scenarios for polarized
and simulated unpolarized LiDAR, and dual-wavelength and single wavelength LiDAR, in order to identify the
uniqueness and contribution of each numerical feature extracted from the waveform data to the overall classification
accuracy.

3.1 Data Collection

Data collections were performed on the ground as illustrated in Figure 1. Five tree species were selected for this
study. They are coniferous trees (blue spruce, ponderosa pine, and Austrian pine) and deciduous trees (ash and maple)
with different biophysical features. Different biophysical characteristics of trees are crucial for identifying tree species
because they represent unique adaptations, evolutionary history, and interactions with the environment. These
characteristics—including leaf shape, bark texture, branch morphology, and growth habit—are represented in LiDAR
signals, such as reflectance and polarization. These signals are key to distinguishing tree species and understanding
theirecologicalroles. These treespeciesusedin thisstudy arecommon in eastern South Dakota. Duringdata collection,
the individual tree was detected by the MAPL through four different channels. At each study site, at least hundreds of
measurements weretaken usingthe LIDAR. Duringeach MAPL operation, wind speed at each study site was sampled.
All field measurements were performed under clear weather during midday to ensure data consistency and minimize
the effects of changing sun brightness. Since the green laser beam is visible, it is easy to aim at the tree canopy. At the
test sites, the distances between the trees and the MAPL were keptat approximately 500 meters. Variations in returns
due to range differences were normalized by multiplying the square of the range data. Furthermore, to reduce data
variation and improve consistency during data collection, the LIDAR was carefully calibrated before taking any
measurements.

3.2 MAPL Data Preparation

The LiDAR data collection was done using a self-developed LabVIEW program. It was also used to display the
real-time LiDAR data on the computer screen. Four different channels were used to retrieve information about the
two orthogonal and linear polarization states of the signals at two wavelengths. This means that afterany single LIDAR
shot over the tree canopy, these four channels collect information simultaneously. All these recorded signals were
calibrated similar to the work of [S51]. The output data are read into MATLAB for further processing or analysis.
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Figure 2 shows the typical single shot MAPL pulse returning waveforms from a ponderosa pine and a maple. In this
study, the peak reflectance intensities and their corresponding FWHMs were used as the features for later classification.

Data preprocessing includes radiometric calibration, range calibration, and outlier removal. Radiometric
calibration is achieved using a canvas calibration standard [ 51]. Range calibration is achieved by normalizing all
LiDAR databyrange (asin Eq.(1)),i.e., multiplyingthe LiDAR return databy the square of the distance [ 52]. Finally,
a criterion of three standard-deviations from the mean was used to determine if a data point is an outlier and needs to
be removed [39].

After cleaning up the outliers, the captured datasets of the polarized waveform signals contain a total of 16,848
valid signal feature datasets, including a total of 8,424 peak reflectance intensity values and 8,424 corresponding
FWHM values, which can be extracted using a customized program written in MATLAB. To simulate the data from
a nonpolarimetric LIDAR, the co-polarization and cross-polarization at each wavelength were summed up,
respectively. This resulted in half the datasets, i.e., a total of 8,424 datasets of non-polarized LiDAR, containing 4,212
peak reflectanceintensity values and 4,212 corresponding FWHMSs. The resultingtree data used in this study are listed
in Table 1.
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Figure 2. Typical MAPL waveforms from ponderosa pine and maple. (Chl: NIR co-polarized, Ch2: NIR cross-polarized, Ch3: GN co-polarized,
and Ch4: GN cross-polarized waveforms, respectively.)

Table 1. Number of Counts and distribution of tree datasets used in this study.

Species (Classifier) Species Count  Polarized Datasets Non-polarized Datasets  Percent

Blue Spruce 244 1,952 976 11.59%
Ash 277 2,216 1,108 13.15%
Ponderosa Pine 795 6,360 3,180 37.75%
Austrian Pine 318 2,544 1,272 15.10%
Maple 472 3,776 1,888 22.41%
Total 2,106 16,848 8,424 100.00%
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4. CNN for Tree Classification

Deep Learning (DL) is a subset of machine learning (ML) technology that uses multilayer artificial neural
networks (ANNSs), called deep neural networks (DNNs), to simulate the complex decision-making capabilities of the
human brain and has allowed many applications to achieve high accuracy. DNNs are able to model and capture
complex connections between inputand output. A CNN approach is adopted in thisresearch. It is a regularized feed -
forward neural network characterized by convolutional layers that optimize self-learned features through filters (or
kernels) and generate activation maps. These activation maps are then processed by pooling layers, which aggregate
the low-resolution data to reduce the dimensionality ofthe representation and make processing computationally more
efficient. The convolutional and pooling layers are repeated several times, gradually transforming the images into a
low-resolution activation map. This type of network has beenusedto process and predict many different types of data,
including text, digits, images, and audio [33,53-55]. In this study, a general architecture of the CNN model was
adopted and numerical data (such as the peak intensity values and FWHMs) were used as the event features for CNN
classification, and the schematic diagram of the model is shown in Figure 3. In the general architecture of the CNN
model, several primary components that need to be noted are as follows:

e Convolutional Layers are the core components of a CNN model, where a small filter (kernel) is applied to the
raw data or image, extracting features such as edges or textures by sliding across the image or reading the
numerical dataat different positions. By stacking multiple convolutional layers, CNNs can progressively leamn
more complex features from the input data (images or numerical digits), moving frombasic patterns to higher-
level object parts.

e Rectified linear units (ReLUs) serve as crucial activation functions within NNs. They are often used multiple
times in a single network, usually after convolutional layer. A ReLU layer consists of neurons that implement
the function

f(x) =max (0, x). 3)

e Incorporating these layers enhances the non-linearity of the network while keeping the receptive fields of the
convolutional levels unchanged.

e Poolinglayers are commonly applied following convolutional layers to decrease the spatial dimensions of the
feature map, typically through operations such as maximizing pooling, which selects the maximum value in a
local region, helping to maintain important features while reducing computational complexity.

e Fully Connected Layers: After the feature extraction, the output of the convolutional and pooling layers is
flattened into a vector and fed into fully connected layers like a traditional NN, to perform the final
classification or prediction. In a CNN model, a “fully connected layer” is essentially a type of “hidden layer”
where every neuron in the layer is connected to every neuron in the previous layer, which means thata fully
connected layer is considered a specific type of hidden layer within a CNN architecture; while not all hidden
layers are necessarily fully connected, a fully connected layer is always considered a hidden layer. To put it
more clearly, a hidden layer is any layer within a NN that is not the input or output layer, and it can consist of
different types of connections, including fully connected ones, which enables the network to learn global
patterns across the entire images or numerical digits.

e SoftMax Activation Function is simply a function as
Y = softmax (X). 4)

where X represents the input data, and the output Y will be the normalized probability distribution after
applying softmax across the channel dimension of the input data. In terms of the training phase, CNNs can
suffer fromthe age-old problem ofoverfitting. To mitigate this, regularization techniques are usually employed
to intervene in the optimization process during the training phase.

e Data Augmentationcreatesadditional trainingdata by applyingrandom transformations (e.g., rotations, scaling)
to existing data to expose the model to a greater variety of examples.
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Figure 3. Schematic diagram of CNN architecture for tree classification.

Several factors can pose considerable challenges to the practical computation of CNNs, including dimensionality,
the number of layers (and units per layer), learning rates, initial weights, and the optimization of these parameters—a
process that can become intractable in terms of time and computational resources.

5. Experimental Results and Discussion

In this study, four scenarios were selected for modeling and analysis: (1) using data from NIR co -polarized and
cross-polarized waveforms, and GN co-polarized and cross-polarized waveforms; (2) using two NIR polarized
channels only (i.e., NIR co-polarized and NIR cross-polarized waveforms); (3) using two GN polarized channels (i.e.,
GN co-polarized and GN cross-polarized waveforms); and (4) using two non-polarized waveforms (i.e., NIR and GN
non-polarized waveforms as listed in Table 1. Finally, the prediction accuracies of different hidden layer CNN models
under these four scenarios were compared and analyzed.

The numerical data in this study refers to the training features. The numerical data was used to train the CNN
models. After training, the CNN models will be able to predicttree classes. For SCENARIO 1, there are 8 features,
i.e., the peak and the FWHM for each channel. The dataset formatas the input datasets for SCENARIO 1 is shown in
Table 2. The names of the last column are the tree classes to be predicted after training,

Table 2. Dataset format for SCENARIO 1.

ChlPeak Ch1FWHM  Ch2Peak Ch2FWHM Ch3Peak Ch3FWHM Ch4Peak Ch4FWHM Class
96.556 12.908 96.083 11.143 44308 20.231 25997 17.292 B. Spruce
102.54 12.879 96.083 10.375 43.535 20.248 25.672 17.219 B. Spruce
100.83 13.066 95.209 10.861 43.157 20.500 25.867 17.319 B. Spruce
97.410 12.932 94.336 10.944 43.733 20.316 25.775 17.117 B. Spruce
106.81 13.996 103.07 12.104 46.610 20.990 25.022 17.711 Maple
109.37 13.934 102.20 11.562 46.034 20.901 25.053 18.000 Maple
105.95 13.902 101.32 11.487 46.610 21.495 25.115 17.670 Maple
108.52 13.814 102.20 11.761 46.353 21.972 25.033 18.105 Maple

Up to 2106 rows for digital features

There are five tree categories/classes: blue spruce, ash, ponderosa pine, Austrian pine, and maple, with a total of
2106 data instances. For each scenario, 70%, 15%, and 15% of the data were taken for training, validation and testing,
respectively. For example, SCENARIO 1 has 1474, 315, and 317 data instances. Considering the consistency and
fairness of the CNN model training, validation, and testing, the data instance was randomly selected from the entire
dataset for training, validation, and testing.

The next CNN modelingdesignisthe layout ofthe layerarray ofthe CNNmodel,and Table 3 lists atypical CNN
model layout designed in this study. It is worth noting that Layer Order 2 can have various fully connected layers to
be able to evaluate the effect of the number of connected layers (as a variation of hidden layers in the feature ex-
traction process) on the final classification accuracy. In Layer Order 5, the classification process has five fully
connected layers (five fixednumber of hidden layers), whichaimedto effectively express theclassification probability
(classification accuracy) based on the processed feature expression information.
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Table 3. Layout of the CNN model layer array.

Order No. Layer Name Notes

1 Feature Input 4-8 features (corresponding to the different scenarios) with ‘zscore’ normalization

(a Gaussian distribution)

2 Fully Connected Up to dozens of fully connected layers as variable hidden layers

3 Batch Normalization Normalizes the activations of a layer within a mini batch

4 ReLU Rectified linear unit, a non-linear activation function

5 Fully Connected Five fully connected layers

6 SoftMax A function takes a vector of real numbers as input and transforms it into a
probability distribution over multiple class

7 Classification Output For Computing the cross-entropy loss for classification tasks

It is worth noting that there are two “fully connected’ layers in the constructed model. This paper defines the
number ofthe first fully connected layers (i.e., the number of the hidden layers) up to dozens of fully connected layers
asa variable and studiedits effect on the prediction accuracy. The number ofthe second fully connected layers remains
unchanged, and usually five layers are used to reach satisfactory performance.

After completing the CNN model design, the next step is to define the options for running the model. The options
defined for the four scenarios used the same settings, and the main training process parameters are: MaxEpochs=30,
MiniBatchSize=6, Shuffle=every-epoch, and Plots= training-progress. Figure 4 shows the changes in Training Loss,
Training Accuracy, Validation Loss, and Validation Accuracy for scenarios 1, 2, 3, and 4 duringa typical CNN
training or validation process with 5 hidden layers. Since the training data and validation data were randomly shuffled
and selected from the dataset each time, each training or validation process is slightly different. Also, since Training
Loss and Training Accuracy during the training process are volatile, the data of the Training Loss and Training
Accuracy shown in Figures. 4a and 4b were fitted to an exponential decay function (Training Loss) and a logistic
growth function (Training Accuracy), respectively. As can be seen from Figure 4 that SCENARIO 1 exhibits lower
training and validation losses (error measurements), as well as higher training and validation accuracy. On the other
hand, SCENARIO 3 exhibits higher training and validation losses and lower training and validation accuracy in
comparison. Figure 5 shows the confusion matrices of the prediction accuracy after training and validation processes
for SCENARIO 3, with the number of hidden layers being 1 (Figure 5a) and 5 (Figureure5b). As the number of the
hidden layers increases from 1 to 5, the number of correct predictions increases, while that of the incorrect predictions
decreases.
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Finally, Figure 6 shows the comparative analysis of the predication accuracy vs. the number of hidden layers for
the four scenarios. Here the prediction accuracy is calculated as follows:

Number of corectted predicted tree species

Prediction Accuracy = . x 100% 5
Number of all tree species
110.0
100.0 | ¢ i L g
I 2 $ i :
90.0 | ¥ X
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£ Curve-fitting for Scenario 1
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Figure 6. Predication accuracy vs. number of hidden layers for all four scenarios.

For easy comparison, the prediction accuracy data for each scenario was curve-fitted. As can be seen from Figure
6, in SCENARIO 1 (4 polarized channels and 8 features, as shown by the black “#” symboland curve-fitted by the
black solid line), as the number of the hidden layers increases from 1 to 5, the prediction accuracy increases rapidly
from about 61% to about 99%, and then gradually approaches (convergesto) 100%. The small fluctuations i ndicate
that the data is randomly selected during each run, each modeling should be different, and the prediction accuracy of
each modelingis relatively close (small deviation). In SCENARIO 2 (2 polarized NIR channels and 4 features, as
shown by the green “ A” symbol and curve-fitted by the dark blue solid line), since only NIR polarized LIDAR data
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was considered, as the number of the hidden layers increases from 1 to 5, the prediction accuracy increases rapidly
from about59% to about 96%, and after large fluctuations, it steadily approaches (converges to) about 97% (it did not
reach 100% in the end). Similarly, in SCENARIO 3 (2 polarized GN channels and 4 features, as shown by the “x”
symbol and curve-fitted by the dark red solid line), as the number of the hidden layers increases from 1 to 5, the
prediction accuracy increases rapidly from about 37% to about 89%, fluctuates greatly, and then steadily approaches
(convergesto) 93% (it did notreach 100% in the end). Finally, in SCENARIO 4 (2 unpolarized NIR and GN channels
and 4 features, as shown by the “+” symbols and curve-fitted by the green dashed line), as the number of the hidden
layersincreasesfrom 1to 5,the predictionaccuracy increases rapidly fromabout 54% to about97%, fluctuates greatly,
and then approaches (converges to) 100%.

On the other hand, when the hidden layers in a CNN model become too large (with a high number of neurons),
the main drawback is overfitting (when the number of hidden layers becomes very large compared to the complexity
of the problem), where the network learns the training data too closely, resulting in poor performance on new, unseen
data, while increasing training time and computational complexity. Therefore, the numerical feature data from
SCENARIO 1 with dual-wavelengths (NIR and GN) and peak intensities and FWHMs are the most suitable data
format for CNN tree classification prediction, with high stability, high prediction accuracy, and less hidden layers.

There are several limitations in this research. First, as a proof-of-concept study, the data were collected on the
ground. Future airborne data willneed to be collected and processed to demonstrate the effectiveness of the technique.
Second, only five tree species were studied in this paper. The inclusion of more tree species would make the research
more vigorous. In addition, future research should address radiometric calibration using more reliable calibration
standards instead of commercial canvas tarps. In addition, better power regulators can provide power with less noise.
It is also important to collect more tree data and study other features to deepen our understanding of the classification
process. Furthermore, a theoretical framework for laser polarimetric scattering in tree canopies has yet to be
established. Developing this theory would significantly enhance the understanding of LIDAR waveform and aid in
creating more efficient classification methods. On the other hand, it is necessary to consider exploring other ML
methods to add or adopt more effective features in the algorithms of the deep learning methods, such as adopting the
entire reflectance signal profile/image to improve the feasibility and accuracy of tree species classification.

6. Conclusions

The LiDAR data from the MAPL offer advantages for vegetation and forest remote sensing. Featuring dual-
wavelength, dual-polarization, and full-waveform capabilities, it is currently the only system of'its kind for vegetation
research. In this study, tree species classification was successfully performed using CNN models, and the following
main conclusions were drawn:

o The CNN approach is an effective and accurate method for tree classification.

¢ Polarimetric numerical features (peak intensities and FWHMs) have been proven to be effective features for
tree classification. Polarimetric diversity enhances measurement and provides more information about the
target characteristics.

e Thepredictionaccuracythe CNNmodel hasalogistic growth functionrelationship with the number of hidden
layers designed during the feature extraction process. For our dataset, using 5 hidden layers provides a good
balance between performance and computational cost. The training loss and the validation loss have
exponential decay function relationships with the process iteration number. The training accuracy and
validation accuracy have logistic growth function relationships with the process iteration number.

e SCENARIO 1 has the highest stability (Ieast deviation) and approaches maximum accuracy the fastest when
the number of hidden layers is greater than or equals to 5.

o This method can distinguish between Austria pine and Ponderosa pine, which have only subtle differences.

e The method developed in this study can be extended to new data and even other vegetation classification
applications.
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