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Abstract: This study proposes PlantViT, a Vision Transformer (ViT)-based framework
for high-precision vegetation classification by integrating hyperspectral imaging (HSI)
and Light Detection and Ranging (LiDAR) data. The dual-branch architecture optimizes
feature fusion across spectral and spatial dimensions, where the LiDAR branch extracts
elevation and structural features while minimizing information loss and the HSI branch
applies involution-based feature extraction to enhance spectral discrimination. By leverag-
ing involution-based feature extraction and a Lightweight ViT (LightViT), the proposed
method demonstrates superior classification performance. Experimental results on the
Houston 2013 and Trento datasets show that PlantViT achieves an overall accuracy of 99.0%
and 97.4%, respectively, with strong agreement indicated by Kappa coefficients of 98.7%
and 97.2%. These results highlight PlantViT’s robust capability in classifying heterogeneous
vegetation, outperforming conventional CNN-based and other ViT-based models. This
study advances Unmanned Aerial Vehicle (UAV)-based remote sensing (RS) for environ-
mental monitoring by providing a scalable and efficient solution for wetland and forest
ecosystem assessment.

Keywords: forest monitoring; spectral-spatial analysis; UAV remote sensing; feature fusion;
invasive species detection

1. Introduction

Accurate vegetation classification plays a crucial role in biodiversity conservation,
ecosystem monitoring, and sustainable forest management [1]. Remote sensing (RS) tech-
nologies, particularly hyperspectral imaging (HSI) and Light Detection and Ranging (Li-
DAR), have significantly enhanced classification accuracy by providing complementary
information [2,3]. HSI provides detailed spectral information that enables species differen-
tiation, whereas LiDAR captures three-dimensional structural attributes such as canopy
height and biomass distribution [4,5]. The integration of these two modalities has emerged
as a promising approach to improving classification robustness, especially in heterogeneous
landscapes such as forests and wetlands [6,7].

Unmanned Aerial Vehicles (UAVs) equipped with RS sensors further enhance veg-
etation classification by offering high spatial resolution, flexibility, and cost efficiency
compared to traditional satellite-based monitoring [8,9]. Recent studies have demonstrated
the effectiveness of UAV-borne HSI and LiDAR data in monitoring restored forests, wet-
land ecosystems, and invasive species [10,11]. The combination of UAV-based RS and
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deep learning (DL) models has significantly improved classification accuracy, yet chal-
lenges remain in effectively utilizing these technologies for large-scale, real-time vegetation
monitoring [12-14].

DL techniques, especially convolutional neural networks (CNNs), have achieved
considerable success in hyperspectral and LiDAR data classification [15,16]. However,
CNN-based models rely heavily on local feature extraction, which limits their ability to
capture long-range dependencies and global contextual information [17,18]. Although
recent efforts have incorporated attention mechanisms and residual learning [19,20], CNNs
still face difficulties in classifying heterogeneous vegetation types, particularly in complex
environments such as multi-layered mangrove forests and mixed-species woodlands [21].

The complementary nature of HSI and LiDAR data presents significant potential for
enhanced vegetation classification, yet their integration remains a major challenge [8,12].
Spectral data from HSI provide high-dimensional information but are prone to redundancy
and noise, while LiDAR-derived structural features, such as canopy height and terrain
variation, require effective feature transformation for optimal fusion [5]. Traditional fusion
techniques, including pixel-level and feature-level fusion, often fail to preserve high-
dimensional spectral details while effectively incorporating structural variations, leading
to information loss and suboptimal classification performance [3,22].

Vision Transformers (ViTs) have emerged as powerful models for long-range feature
modeling, particularly in RS applications [23]. However, standard ViT architectures are
computationally intensive, making them impractical for UAV-based real-time monitor-
ing [24]. Furthermore, ViTs require extensive labeled training datasets, which limits their
applicability in ecological studies where labeled samples are scarce [25,26]. Although
lightweight transformer models, such as lightweight Vision Transformer (LightViT) [27],
have been proposed to reduce computational complexity [28], there is a trade-off between
efficiency and classification accuracy, and achieving a balance between these factors re-
mains a challenge. Moreover, the ability of ViTs to generalize across different vegetation
types and environments is still an ongoing concern [29].

These challenges highlight the need for an efficient and scalable DL framework that
can effectively integrate HSI and LiDAR data, enhance spectral-spatial feature fusion,
and maintain computational efficiency for real-time UAV applications. The proposed
PlantViT framework addresses these limitations by leveraging a dual-branch transformer
architecture with involution-based feature extraction and LightViT, achieving robust and
high-precision vegetation classification [30]. By addressing key challenges in accurate
vegetation classification in complex environments, this study demonstrates PlantViT’s
capability to handle diverse ecological systems.

2. Materials and Methods

2.1. Material
2.1.1. The Trento Dataset

The Trento dataset [31] is an integrated collection of HSI and LiDAR data focused
on a rural region in southern Trento, Italy. It incorporates HSI with 63 spectral bands
covering wavelengths from 402.89 nm to 989.09 nm, alongside LiDAR data used to generate
a Digital Surface Model (DSM). Both the HSI and LiDAR datasets are characterized by
a spatial resolution of 1 m and dimensions of 166 x 600 pixels (Figure 1). This dataset
includes six well-defined land cover categories, comprising a total of 30,214 sample pixels
(Table 1). The hyperspectral data were captured using the AISA Eagle sensor, while LIDAR
data acquisition was performed with the Optech ALTM 3100EA system. To ensure precise
alignment, these datasets underwent pixel-level registration. The high-resolution nature
of this dataset, along with its multimodal integration, provides a significant asset for RS
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applications, particularly in environmental assessment, precision agriculture, and rural
landscape characterization.

Figure 1. Light Detection and Ranging (LiDAR) Data for Trento dataset.

Table 1. Trento dataset.

No. Class Name Training Test Samples

1 Apple Trees 129 3905 4034

2 Buildings 125 2778 2903

3 Ground 105 374 479

4 Wood 154 8969 9123

5 Vineyard 184 10,317 10,501

6 Roads 122 3052 3174
Total 819 29,395 30,214

2.1.2. The Houston 2013 Dataset

The Houston 2013 dataset [32] represents a crucial benchmark in the field of RS, en-
compassing both HSI and LiDAR data collected over the University of Houston campus
and adjacent urban regions. This dataset was acquired through an aerial survey conducted
by the National Center for Airborne Laser Mapping (NCALM) with financial support
from the National Science Foundation (NSF), USA. The hyperspectral component con-
sists of 144 spectral bands, spanning wavelengths from 380 nm to 1050 nm, with a spatial
resolution of 2.5 m, covering an area of 349 x 1905 pixels (Figure 2). Meanwhile, the
co-registered LiDAR dataset offers detailed elevation insights, complementing the spectral
information (Figure 3). Captured on 22-23 June 2012, this dataset serves as a valuable re-
source for multiple applications, including environmental assessment, urban development
planning, and scientific investigations (Table 2), making it particularly useful for advancing
RS methodologies.

Figure 2. Hyperspectral imaging (HSI) for Houston 2013 dataset.
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Figure 3. LiDAR data for Houston 2013 dataset.

Table 2. Houston 2013 dataset.
No. Class Name Training Test Samples
1 Healthy Grass 198 1053 1251
2 Stressed Grass 190 1064 1254
3 Synthetic 192 505 697

Grass
4 Tree 188 1056 1244
5 Soil 186 1056 1242
6 Water 182 143 325
7 Residential 196 1072 1268
8 Commercial 191 1053 1244
9 Road 193 1059 1252
10 Highway 191 1036 1227
11 Railway 181 1054 1235
12 Parking Lot 1 192 1041 1233
13 Parking Lot 2 184 285 469
14 Tennis Court 181 247 428
15 Running Track 187 473 660
Total 2832 12,197 15,029
2.2. Methods

In this section, we present the methodological framework developed for plant classifi-
cation within wetland ecosystems. This approach is tailored to integrate HSI and LiDAR
data, harnessing their complementary attributes to enhance classification accuracy and
model robustness. The proposed framework is structured around three key components.
These modules operate in a sequential and interdependent manner, facilitating data pre-
processing, feature extraction, multimodal fusion, and species classification. A detailed
discussion of each module is provided in the subsequent subsections.

2.2.1. Overall Framework

The proposed PlantViT model introduces an innovative framework that leverages
attention mechanisms to explore inherent correlations and complementary features within
fused HSI and LiDAR multimodal data. By integrating these multimodal datasets, the
model effectively captures spatial-spectral dependencies, enhancing classification accuracy
and robustness. As shown in Figure 4, PlantViT is built upon the LightViT foundation
and is structured into three components: the modules for feature extraction, fusion, and
classification. The primary objective of this framework is to handle the cross-modal feature
fusion of spectral and spatial channels while incorporating attention mechanisms that
focus on both local and global information. Through this design, our framework offers
a lightweight solution for the PlantViT model, enabling more efficient identification of
vegetation categories with enhanced performance and scalability.
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Figure 4. Illustration to clarify the network architecture of the proposed PlantViT for multimodal RS
data classification [27,30].

2.2.2. Spectral-Spatial Extractor Module (SSE)

The Spectral-Spatial Extractor Module (SSE) is responsible for extracting meaningful
features from both HSI and LiDAR data. This module comprises the following submod-
ules: Feature_HSI, Spectral Weight (implemented using the involution method), Spatial
Feature, and Spatial Weight. This integrated approach ensures that spectral and spatial
characteristics are optimally utilized, laying a solid foundation for subsequent multimodal
fusion and advanced processing tasks. The precise fusion of these features improves both
the accuracy and granularity of the combined dataset, enabling more informed analyses
and decision making in intricate environmental and geographical contexts.

1.  Feature HSI

The Feature_HSI module extracts spectral-spatial features from the HSI data through
sequential convolutional layers, using dynamic kernel generation via the involution mech-
anism. The process involves matrix multiplication, bias addition, and non-linear activation,
as described by the following equation:

XD _ ¢(W<l) X +b(l>) @)

Here, X(PII)SI represents the matrix of input features to layer I, WO is the matrix of
weights corresponding to the convolution filters (Spectral Weight), and b(!) is the bias vector.
The operation - denotes matrix multiplication, and ¢ represents a non-linear activation
function such as ReL.U.

The involution operation, which dynamically adjusts the convolutional kernels based
on the input features, can be more formally represented as

il = vee (G0 (p (K -vee (X)) @
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Here, F') and G(") are the matrices that transform the feature space to generate kernel

-1

weights. The function vec vectorizes its matrix argument, and vec™ converts a vector back

into a matrix form suitable for convolution. KgI)SI represents the matrix of dynamically
adjusted kernel weights. The application of dynamically generated kernels to the input
features is captured by

! I I
Y1(4)51 = KI(—I)SI * XI(—I)SI 3)
(1)

Here, * denotes the convolution operation applied using the dynamic kernels Kj;g; on

0

the input feature matrix Xj;g;- This operation can be seen as a matrix multiplication where

each element of the output matrix YI(?SI is computed as a weighted sum of local patches of

X{ 14, with weights provided by K{py.

2.  Feature LiDAR

The LiDAR feature extraction module utilizes a convolutional layer to derive spatial
characteristics from LiDAR data. Unlike HSI, LiDAR data do not provide spectral informa-
tion but focus on capturing spatial structures. The convolutional operation is similar to the
HSI extraction:

XLipAR = @(W - XLipAR + b) (4)

Here, X1jpar represents the matrix of input features, W is the matrix of weights
corresponding to the convolutional filters, and b is the bias vector. The operation - denotes
convolution, and ¢ corresponds to a non-linear activation function, including ReLU.

To further enhance the extracted spatial features from LiDAR, spectral-spatial features
from HSI data are integrated dynamically. The joint features of LiDAR and HSI are
concatenated to generate context-aware convolutional kernels, formally represented as

Kripar st = vec (G - (¢(F - vee(Xripar+Xus1)))) )

Here, F and G are the matrices that transform the joint feature space to generate
kernel weights, + combines LiDAR and HSI features along the channel dimension, vec(-)
vectorizes the joint features, and vec™!(-) converts a vector back into a matrix suitable for
convolution. Kyipar—ps represents the matrix of dynamically adjusted kernel weights
(Spatial Weight).

The dynamically generated kernels are then applied to the input LiDAR features as

1 1
Yiibar = Kuidar-st * Xiipar (6)

These joint features are processed through dynamic kernels to extract refined

spatial features.

2.2.3. Multimodal Fusion Integrator (MFI)

The Multimodal Fusion Integrator (MFI) is responsible for combining features from
different data sources, ensuring they are properly aligned for further processing. Initially,
each feature set undergoes transformation through a dimension module that standardizes
and refines the feature representations:

FY =g (BN (W X+ b)) ?)

1

0

where Xil

denotes the input features to the I dimension module for the i modality, Wfl)

and bfl) are the weights and biases of the module, - denotes matrix multiplication, BN
represents batch normalization, and ¢ is the ReLU activation function.
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After dimension transformation, the features from different sources are concatenated
along the feature dimension:

z = Concat(F{, FY’,...,F) 8)

where Z represents the concatenated feature vector from # different transformed feature sets.
The concatenated features are fused through a weighted sum, employing learnable
parameters to balance the contribution of each feature set:

n
Frused = Z AiZ; )
i=1
where A; are learnable weights associated with each feature set Z;, optimized during
training to maximize fusion effectiveness.
A transformer-based module (PlantViT) can further process the fused features to
capture complex dependencies:

Y = PlantViT (Ffyseq) (10)

where ViT denotes the LightViT operation and Y represents the output feature map, which
combines the local and global context derived from the fused input data.

2.2.4. Deep Feature Classifier (DFC)

The Deep Feature Classifier model utilizes a LightViT-based architecture, adapted for
handling complex spatial data such as the data encountered in RS applications. This section
thoroughly details the DFC in conjunction with the parameter configurations.

1.  Patch Embedding

The initial step involves transforming the spatial image data into a sequence of flat-
tened patches. The image X with dimensions C;;, = 8 channels is partitioned into patches
of size P = 2 x 2, which are then embedded into vectors of dimension D, where D changes
through the layers [96, 192, 384]:

Zo = [XPWE;.. s X{WE] + B (11)

Here, WE € R(P 2Cin)xD g the embedding matrix tailored to the initial dimen-
sion D = 96, and BF is the corresponding bias. This configuration allows the model
to transform raw pixel values into a high-dimensional feature space conducive to the
self-attention mechanism.

2. Positional Encoding

Positional encodings Ejs are added to the embedded patches to maintain the spatial
context within the sequence. The dimension of Ej,s matches that of Zg = Zy + Epos. This
addition ensures that despite the transformation, spatial information is preserved and
utilized in subsequent layers.

3.  Transformer Blocks

Configured with different layers and heads at each stage ([2, 2, 2] layers and [3, 6, 12]
heads), the transformer blocks process the data as follows.

In Multi-Head Self-Attention (MHA), for each head; in each layer, the queries Q, key K,
and values V are computed from Z using separate learned matrices for each dimension set:

MHA(Q,K,V) = Concat(heady, . .., head;,) W° (12)
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head; = softmax ( % ) Vi (13)

Here, Q; = ZWI.Q, K; = ZWiK, V= ZWZ.V for each head;, and dj is the dimensionality
of the keys. The Feed-Forward Network (FFN) is computed as follows:

FFN(Z)o(ZW; + by)Wa + by (14)

where W;, W, are the weight matrices and by, b, as are the biases. The expansion ratios for
the FFNs are [8, 4, 4], allowing varying degrees of complexity in the transformations.

4. Classification

After each sublayer
Z = LayerNorm(Z + Sublayer(Z)) (15)

These components help stabilize the learning process and promote the integration of
features across different layers.
Y = 2, WE + B¢ (16)

Probabilities = soft max(Y) (17)

where W€ and b® are the weights and bias of the output projection layer, respectively.
This final step converts the complex feature interactions captured by the transformer into
actionable class predictions.

3. Experiments and Results
3.1. Experimental Setup

In this section, we outline the setup for the experiments conducted to evaluate the
performance of the proposed model. The experiments were performed using two distinct
datasets: the Trento dataset and the Houston 2013 dataset. These datasets differ signifi-
cantly in terms of geographical location, landscape characteristics, and vegetation types,
making them suitable for assessing the generalization ability of the model across varied
environments. Detailed descriptions of both datasets were provided in Section 2.

3.2. Implementation Details and Evaluation

In this study, we detail the implementation and evaluation of the Fusion model
using the PyTorch framework (version 1.11.0), emphasizing our rigorous experimental
setup designed to assess its performance across diverse datasets. Below is a consolidated
overview of the optimizer, loss function, training parameters, and evaluation metrics used
in the experiments.

Data were split into training and testing sets, with the Trento dataset having a smaller
proportion of training samples (2.71%) compared to the Houston dataset (18.84%). This
setup tests the model’s learning efficiency and generalization capability from limited data.

3.2.1. Model Implementation and Training

To ensure optimal training stability and classification performance, hyperparameters
were selected based on prior studies and empirical evaluations.

1. Optimizer and learning rate. The Adam optimizer was used for training with a
learning rate of 0.01. A comparison among 0.001, 0.005, 0.01, and 0.05 indicated that
0.01 provided the best balance between convergence speed and accuracy. Betas and
Epsilon were set to default values, supported by prior studies on ViT in RS.
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2. Loss function: Soft-Target Cross-Entropy was employed to enhance class separability
and mitigate class imbalance, which is common in RS datasets.

3. Batch size: A batch size of 32 was chosen, as it balances computational efficiency
and generalization ability. Tests with 16, 32, and 64 showed that 32 provided stable
gradient updates without excessive memory consumption.

4. Number of training epochs: The model was trained for 100 epochs, determined
through validation loss convergence analysis. Training with 50 epochs was insufficient,
while exceeding 100 epochs led to diminishing returns and increased overfitting risk.

5. Regularization techniques: To prevent overfitting, L2 regularization (weight
decay = 1 x 10~*) and Dropout (0.3) were applied in the transformer layers, fol-
lowing best practices in DL.

Overall, the hyperparameter selection was systematically optimized to maximize
classification performance while ensuring computational efficiency and model adaptability
to varying environmental conditions.

3.2.2. Model Evaluation and Metrics

To assess the effectiveness and robustness of the Fusion model, we employed several
key performance metrics:

1. Overall accuracy (OA): measures the proportion of correctly predicted observations
to the total observations, providing a holistic view of model accuracy.

2. Average accuracy (AA): represents the average of accuracies computed for each class,
offering insights into class-wise performance.

3. Kappa coefficient (x): quantifies the agreement of prediction with the true labels,
corrected by the randomness of agreement, serving as a robust statistic for classifica-
tion accuracy.

These evaluation metrics are extracted from the confusion matrix, enabling an in-depth
assessment of the model’s classification performance across multiple categories.

The experimental design, model deployment, and validation strategy presented in
this study are systematically incorporated to highlight the Fusion model’s enhanced ability
to process complex datasets by leveraging HSI and LiDAR data. This comprehensive eval-
uation not only substantiates the model’s effectiveness in classification but also reinforces
its potential applicability in RS and other scientific domains.

3.3. Experimental Results

In this section, we report the Fusion model’s classification performance on both the
Trento and Houston 2013 datasets. The evaluation was conducted using multiple metrics,
including OA, class-specific accuracy, and x, with additional performance indicators to
ensure a comprehensive assessment.

3.3.1. Performance on the Trento Dataset

The Trento dataset, representing natural landscapes in northern Italy, showed excellent
performance in vegetation classification. The Fusion model achieved an OA of 99.00%,
an AA of 98.44%, and a x of 98.66 (see Table 3). The model demonstrated promising
results across all vegetation classes, particularly in the Wood class, where it achieved
100% accuracy in both precision and recall. The Vineyard class also showed high accuracy
(99.36%), indicating the model’s capability in distinguishing vegetation types with distinct
spectral signatures.
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Table 3. Performance metrics (in%).
No. Class Name  Accuracy Precision Recall F1-Score
1 Apple trees 97.18 99.18 97.33 98.25
2 Buildings 97.92 98.23 97.92 98.07
3 Ground 97.96 95.68 97.96 96.81
4 Wood 100.00 99.99 99.99 99.99
5 Vineyard 99.36 99.35 99.35 99.35
6 Roads 98.22 96.82 97.46 97.14
OA 99.00
AA 98.44
K 98.66

Despite the overall high accuracy, the Apple Trees class exhibited slightly lower recall
(97.33%) than other classes, likely due to variations in the appearance of the trees under
different environmental conditions. Nevertheless, the model’s performance remained
strong across the board.

However, such perfect accuracy, especially in the Wood class, raises concerns about
potential overfitting. Achieving 100% accuracy in real-world RS applications is rare. Al-
though overfitting concerns exist, it is important to note that steps such as regularization
techniques were applied to mitigate these risks, as discussed in earlier sections. These
measures help ensure that the model’s performance is not over-optimized for a specific
dataset, thereby improving its generalization ability.

To further assess the model’s classification performance, we present the confusion
matrix for the Trento dataset (Figure 5). The matrix highlights the model’s ability to
correctly classify most vegetation classes, with a minimal number of misclassifications.
Notably, the Wood and Vineyard classes exhibited near-perfect classification, confirming
the model’s effectiveness in these categories. The confusion matrix also reveals slight
misclassifications in Apple Trees, but overall, the results demonstrate the model’s strong
ability to differentiate between vegetation classes.

= 10000

— 8000
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6000

True

4000

000

wn
=)
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Figure 5. Confusion matrix for Trento dataset.
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3.3.2. Performance on the Houston 2013 Dataset

The Houston 2013 dataset, which includes a mixture of urban and natural land cover
types, presented a more complex classification task. Despite this, the Fusion model achieved
an OA of 97.41%, an AA of 97.59%, and a x of 97.19 (see Table 4). The model achieved
high classification accuracy across various vegetation categories, including Healthy Grass
(97.15%) and Stressed Grass (97.46%), exhibiting precision and recall values.

Table 4. Classification performance by class (in%).

No. Class Name Accuracy Precision Recall F1-Score
1 Healthy Grass 97.15 97.00 98.00 98.00
2 Stressed Grass 97.46 97.00 98.00 98.00
3 Synthetic Grass 99.80 99.00 99.00 99.00
4 Trees 95.55 100.00 98.00 97.00
5 Soil 100.00 100.00 100.00 100.00
6 Water 97.20 97.00 98.00 98.00
7 Residential 92.82 97.00 95.00 94.00
8 Commercial 96.39 96.00 96.00 95.00
9 Road 97.92 98.00 97.00 97.00
10 Highway 100.00 100.00 100.00 100.00
11 Railway 96.39 97.00 96.00 95.00
12 Parking Lot 1 99.62 100.00 99.00 99.00
13 Parking Lot 2 98.60 100.00 99.00 99.00
14 Tennis Court 100.00 100.00 100.00 100.00
15 Running Track 94.93 95.00 96.00 94.00
OA 97.41
AA 97.59
K 97.19

However, the classification accuracy for the Trees category was slightly lower at
95.55%, likely due to spectral similarities with nearby urban structures. Similarly, the
Residential class showed a marginally reduced accuracy of 92.82%, potentially influenced
by the spectral mixing of vegetation and built-up areas. Despite these challenges, the model
maintained robust performance in vegetation classification, even within complex urban
landscapes.

The confusion matrix for the Houston 2013 dataset (Figure 6) offers a comprehensive
analysis of the classification outcomes. The results indicate high accuracy in vegetation-
related categories, including Healthy Grass, Synthetic Grass, and Soil. However, some
misclassification was observed between Trees and Urban classes, particularly in areas
with complex spectral characteristics. This finding highlights the inherent challenge of
vegetation classification in urban environments while also showcasing the model’s ability
to effectively distinguish diverse land cover types.
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Figure 6. Confusion matrix for Houston 2013 dataset.

4. Discussion

In this section, we compare the performance of the proposed PlantViT model with
other approaches across two benchmark datasets: Trento and Houston 2013. The objective
is to assess PlantViT’s effectiveness in vegetation classification and examine its advantages
in adapting to diverse geographical landscapes and varied land cover types.

4.1. Performance Comparison on the Trento Dataset

As shown in Table 5, the PlantViT model outperforms all other models in terms of OA,
AA, and « on the Trento dataset. The OA of 99.00% achieved by PlantViT is substantially
higher than that of the other models, with EndNet achieving 94.17% and DCT reaching
97.45%. This result highlights the robustness of PlantViT in accurately classifying natural
landscape features, including diverse vegetation types such as Apple Trees, Vineyards, and
Woods. In particular, PlantViT excels in the classification of challenging classes such as
“Apple Trees” (97.18% accuracy). On the other hand, some models like DCT and MBF show
lower performance on these classes, underscoring the advantages of using DL-based feature
fusion and classification approaches like PlantViT. Additionally, the x of 98.66% confirms
the high level of agreement between predicted and true labels, reinforcing the model’s
strong classification reliability.

Table 5. Accuracy of classification (%) on the Trento dataset.

. EndNet DCT MBE  AM3Net HES’T BTRF  TTCNN
No.  Class Name PlantViT ., [16] [34] [35] [36] [37] [38]
1 Apple Trees  97.18 88.19 99.13 98.71 97.12 99.46 95.92 98.07
2 Buildings 97.92 98.49 99.44 98.87 96.73 91.65 98.04 95.21
3 Ground 97.96 95.19 99.94 97.79 98.96 87.43 80.33 93.32
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Table 5. Cont.
. EndNet DCT MBF AM3Net  HES?T BTRF TTCNN
No. Class Name PlantViT [33] [16] [34] [35] [36] [37] [38]
4 Wood 100.00 99.30 92.76 99.89 99.12 98.33 99.83 99.93
5 Vineyard 99.36 91.96 86.37 99.25 98.22 97.65 99.29 98.78
6 Roads 98.22 90.14 92.78 92.38 93.76 68.94 97.66 89.98
OA 99.00 94.17 97.45 98.62 97.75 94.42 98.66 97.92
AA 98.44 93.88 95.07 98.14 97.32 90.58 95.30 96.19
K 98.66 92.22 96.58 97.81 97.00 92.54 98.20 96.81
4.2. Performance Comparison on the Houston 2013 Dataset
The results for the Houston 2013 dataset in Table 6 show that PlantViT maintains its
superiority over other models across various metrics. Specifically, PlantViT achieves an OA
of 97.41%, which is substantially higher than the second-best model, MSST (90.29%), and
the other models such as mFormer (87.85%) and RFFT (92.52%). These results demonstrate
PlantViT’s effectiveness in urban landscape classification, where the task is more complex
due to the mixture of vegetation and man-made structures.
Table 6. Accuracy of classification (%) on the Houston 2013 dataset.
. MSST  mFormer S2CA RFFT MATA SFE-FN
No. Class Name  PlantViT [39] [40] [41] [42] [43] CSF [44] [22]
1 Healthy Grass 97.15 89.12 82.37 84.62 87.96 91.64 82.72 95.06
2 Stéjzzesd 97.46 92.85 85.03 95.68 95.90 83.83 82.24 96.52
3 Syé‘z‘;“c 99.80 95.43 98.09 100.00 97.41 10000 10000  100.00
4 Trees 95.55 91.13 95.23 99.62 97.74 99.24 92.52 100.00
5 Soil 100.00 100.00 99.15 100.00 95.32 99.34 98.67 99.81
6 Water 97.20 86.31 98.14 100.00 97.84 100.00 95.10 97.20
7 Residential 92.82 72.35 89.61 87.03 92.57 85.91 80.97 93.00
8 Commercial 96.39 76.87 72.33 93.02 95.42 94.59 81.67 88.98
9 Road 97.92 79.40 88.86 89.71 91.74 91.78 86.87 87.44
10 Highway 100.00 99.57 61.97 7143 99.10 91.12 79.63 98.17
11 Railway 96.39 98.06 96.24 98.96 96.86 97.91 83.30 93.55
12 Parking Lot 1 99.62 98.09 94.46 98.94 94.56 95.39 88.95 96.35
13 Parking Lot 2 98.60 80.35 87.02 85.67 95.30 92.98 87.37 81.40
14 Tennis Court 100.00 100.00 99.73 91.90 93.22 100.00 100.00 100.00
15 R‘ﬁ‘a‘lll?g 94.93 100.00 96.69 100.00 97.57 100.00 99.52 100.00
OA 97.41 90.29 87.85 92.52 95.01 93.83 89.42 95.11
AA 97.59 90.63 89.66 93.11 95.23 94.92 89.24 95.17
K 97.19 89.50 86.81 92.52 94.60 93.31 88.51 94.68

Notably, PlantViT presents promising result in classifying “Synthetic Grass” (99.80%),
“Soil” (100%), and “Tennis Court” (100%), where it surpasses other models by a significant
margin. The model’s performance on urban classes like “Road” (97.92%), “Residential”
(92.82%), and “Commercial” (96.39%) further confirms its adaptability to both natural and
urban environments. In contrast, other models struggle with accuracy in these classes,
particularly “Residential” and “Road”, where PlantViT’s more robust feature extraction
and classification strategies help in achieving higher accuracy.



Forests 2025, 16, 620

14 of 18

Loss

Loss

Q00150

000125

Q00100

00075

0.00050

Q00025

Q.00000

Q00150

00125

000100

Q.00075

Q00050

Q00025

Q00000

4.3. Learning Curve Insights

The learning curves derived from the Trento and Houston 2013 datasets demonstrate
the steady and efficient convergence of PlantViT (Figure 7). In both cases, the training and
validation loss decrease steadily across epochs, with minimal signs of overfitting, which
suggests that the model is well-regularized and able to generalize effectively. For the Trento
dataset, the model reaches near-optimal classification accuracy after relatively few epochs,
confirming its ability to learn from limited training data. Similarly, for the Houston 2013
dataset, the learning curves show consistent performance improvement, indicating that
PlantViT can adapt to more complex and diverse environments.
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Figure 7. Learning curves: (a,c) the learning curve for loss during the training and validation phases
on the Trento and Houston 2013 datasets; (b,d) the learning curve for accuracy during the training
and validation phases on the Trento and Houston 2013 datasets.

4.4. Model Strengths and Advantages

The strong performance of PlantViT can be attributed to several fundamental aspects.
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1.  The integration of high-resolution HSI and LiDAR data enables PlantViT to effectively
combine spectral and spatial features, which are essential for accurate vegetation
and land cover classification. With its multimodal fusion capability, the model excels
in detecting fine-scale landscape features, making it particularly advantageous for
monitoring both urban and natural ecosystems.

2. Advanced DL architecture: The incorporation of LightViT, a lightweight Vision Trans-
former, significantly enhances computational efficiency while preserving high clas-
sification accuracy. By selectively focusing on the most relevant features within the
dataset, LightViT minimizes the need for overly complex network architectures and
excessive computational resources, ensuring scalability for large-scale applications.

3. Generalization across datasets: The consistent performance of PlantViT on both the
Trento and Houston 2013 datasets highlights its robustness and adaptability across
different geographical regions and land cover types. This strong generalization
capability makes it well-suited for large-scale RS tasks, including vegetation analysis
and land-use mapping.

4.5. Conclusion of Comparative Performance

The evaluation results from both datasets confirm that PlantViT surpasses existing
models in various vegetation classification tasks. Its consistently strong performance across
multiple metrics (e.g., OA, AA, andx) on both natural and urban landscapes highlights its
practical value in RS applications. The fusion of HSI and LiDAR data, coupled with the
efficiency of its lightweight transformer architecture, offers a competitive edge in terms of
both classification accuracy and computational efficiency.

In conclusion, PlantViT exhibits substantial potential for large-scale vegetation analy-
sis, environmental assessment, and other RS-driven applications, making it a valuable tool
for diverse geographical and ecological contexts.

5. Conclusions

The proposed PlantViT model in this study integrates HSI and LiDAR datasets to im-
prove plant monitoring accuracy. The model addresses critical scientific challenges in plant
classification, particularly the issue of cross-environment adaptability and the limitations
of traditional DL approaches. The following points summarize the key contributions and
innovations of this research:

o Cross-environment adaptability. By integrating HSI and LiDAR data, the model
effectively enhances its generalization capability across diverse environmental con-
ditions. Utilizing multiple datasets, including the Trento and Houston 2013 datasets,
we demonstrated its adaptability across distinct geographical regions and plant com-
munities. This advancement directly addresses a well-documented challenge in RS—
ensuring classification accuracy across heterogeneous ecosystems.

e  Overcoming CNN limitations in complex environments. Traditional convolutional
neural networks (CNNs) often encounter difficulties in extracting fine-grained spatial—-
spectral features within intricate plant environments. To mitigate this issue, we
incorporated involution-based operations, enabling the model to efficiently cap-
ture subtle feature variations while reducing the computational burden typically
associated with CNN-based approaches. This enhancement is particularly ad-
vantageous for distinguishing morphologically similar plant species within highly
heterogeneous landscapes.

e  Cross-environment attention mechanism. The fusion of involution with LightViT
introduces an innovative attention mechanism that dynamically adjusts to varying
environmental contexts. This mechanism enables the model to selectively focus on the
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most relevant plant features, thereby improving classification robustness and accuracy
across diverse ecosystems.

While the PlantViT model demonstrated strong performance across both natural and
urban datasets, there are some limitations to be acknowledged.

Although the model showed high classification accuracy in the test datasets, its perfor-
mance might be constrained by the availability and diversity of training data. Expanding
the dataset to include more varied environmental conditions and plant species would likely
improve model robustness and generalizability.

The integration of multiple data types (HSI and LiDAR) along with the use of ad-
vanced transformers and involution techniques increases model complexity, which may
present challenges in terms of computational cost and real-time deployment in large-scale
monitoring systems. The future directions of this approach are as follows:

e  Future work will involve evaluating the model on additional RS datasets to further
assess its robustness and applicability to broader ecological and environmental moni-
toring tasks.

e Investigating the potential of transfer learning across diverse ecosystems could further
enhance the model’s adaptability and generalization capabilities.

e  Future research should explore the feasibility of deploying this model in real-time
large-scale wetland monitoring. Additionally, incorporating supplementary data
sources, such as UAV-based RGB imagery and satellite observations, could expand its
practical applications and operational scalability.

Implications for RS applications: The proposed PlantViT model has significant impli-
cations for RS, particularly in wetland management and invasive species monitoring. Its
ability to combine multiple data modalities and its improved adaptability to varying envi-
ronmental conditions make it a valuable tool for large-scale, accurate monitoring of plant
biodiversity and ecosystem health. By enabling more precise detection of invasive species,
this model supports better-informed conservation efforts and management strategies for
protecting wetlands and other sensitive ecosystems.
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