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Abstract

Accurate classification of tree species is crucial for forest management and biodiversity
conservation. Remote sensing technology offers a unique capability for classifying and
mapping trees across large areas; however, the accuracy of extracting and identifying
individual trees remains challenging due to the limitations of available imagery and phe-
nological variations. This study presents a novel integrated machine learning (ML) and
Geographic Object-Based Image Analysis (GEOBIA) framework to enhance tree species
classification in a botanical garden using multi-temporal unmanned aerial vehicle (UAV)
imagery. High-resolution UAV imagery (2.3 cm/pixel) was acquired across four differ-
ent seasons (summer, autumn, winter, and early spring) to incorporate the phenological
changes. Spectral, textural, geometrical, and canopy height features were extracted using
GEOBIA and then evaluated with four ML models (Random Forest (RF), Extra Trees (ET),
eXtreme gradient boost (XGBoost), and Support Vector Machine (SVM)). Multi-temporal
data significantly outperformed single-date imagery, with RF achieving the highest overall
accuracy (86%, F1-score 0.85, kappa 0.83) compared to 57–75% for single-date classifications.
Canopy height and textural features were dominant for species identification, indicating
the importance of structural variations. Despite the limitations of moderate sample size and
a controlled botanical garden setting, this approach offers a robust framework for forest
and urban landscape managers as well as remote sensing professionals, by optimizing
UAV-based strategies for precise tree species identification and mapping to support urban
and natural forest conservation.

Keywords: biodiversity; remote sensing; GOBIA; high resolution; canopy height; forest
conservation
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1. Introduction
Trees are integral components of terrestrial ecosystems and vital landscape architects

that significantly shape the Earth’s biosphere [1]. They not only shape forest ecosystems
but also various other environments, including urban landscapes and agricultural systems.
Different tree species uniquely contribute to ecosystem functions, such as varying growth
rates, wood qualities, carbon sequestration, nutrient cycling, pollutant absorption capa-
bilities, and ecological functioning. These abilities depend on the tree type, leaf structure,
surface area, and physiological characteristics [2–5]. Accurate classification and identifi-
cation of tree species are valuable aspects of effective forest management [6], urban green
spaces [7], and the sustainable development of ecosystems [8]. Tree species identification
and classification always remain a challenge [9,10]; however, in conventional forest man-
agement practice, tree species classification was primarily conducted through laborious,
time-consuming, and inefficient ground surveys [10].

Remote sensing has revolutionized tree species identification and classification by
enabling large-scale and non-invasive mapping [11]. Medium-resolution satellite datasets,
such as Landsat, MODIS, and Sentinel-2, have been widely used for the classification
of trees [12–15], but are constrained by coarse spatial and temporal resolution, which
obscures fine-scale canopy details and phenological variations critical for distinguishing
species [16–19]. Unmanned aerial vehicle (UAV) photogrammetry technology has emerged
in forestry to address these limitations [20–22] by providing centimetre-level spatial resolu-
tion, capturing detailed leaf-level information and canopy structure information [23–25].
Recent studies have enhanced tree species mapping and identification using UAV imagery,
both in dense forests [26–31] and for urban species [32–36]. Despite these advancements,
many previous studies rely on single-date imagery, overlooking temporal phenological
changes that significantly influence species identification [7,37–39].

Furthermore, machine learning (ML) provides future improvements to remote sensing
by using spectral, textural, and structural variables for species specific tree identifica-
tion [24,40–42]. Various machine learning techniques such as support vector machine
(SVM), random forest (RF), K-nearest neighbour (KNN), eXtreme gradient boost (XG-
Boost), extra tree (ET), and neural network (NN) have been used for tree species classifica-
tion [7,43–48]. Many studies have also explored deep learning (DL) methods, particularly
convolutional neural networks (CNNs) like REsNet and Vision Transformers, for tree
species detection and classification using satellite and UAV data, achieving accuracies of up
to 98% [31,49–54]. While these DL methods are effective at automatically extracting features
from complex multimodal data, they typically demand extensive training datasets and
high computational resources. In contrast, our study emphasizes traditional ML models,
valuing their interpretability and efficiency when working with smaller phenological UAV
data. Single-date images are generally less sensitive to temporal features [55], resulting in
misclassification, especially in heterogeneous ecosystems, including botanical gardens or
urban forests. In this context, Geographic Object-Based Image Analysis (GEOBIA)—a re-
mote sensing image analysis technique that segments images into meaningful, homogenous
objects rather than analyzing individual pixels, enabling classification based on spectral,
geometrical, and textural attributes [56–59]—emerges as a promising approach. The re-
cent approach that combines ML, multi-temporal UAV imagery, and GEOBIA offers the
potential to incorporate spectral, geometric, textural, and canopy-height characteristics
from different seasons, but to date, only a few studies have evaluated it systematically in
different ecosystems.

This study presents a novel framework by integrating high-resolution multi-temporal
UAV imagery with GEOBIA and ML to enhance tree species classification in a botanical gar-
den. Using high-resolution (2.3 cm/pixel) imagery across four seasons (summer, autumn,
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winter, and early spring), this study identifies the best ML model for the classification of
tree species by using different predictors and multi-temporal data. The work contributes to
the advancement of UAV-based remote sensing methods for tree species identification, with
a focus on achieving high efficiency in terms of both time and cost. The main objectives of
this study are, (1) to evaluate the potential of multi-temporal high-resolution UAV imagery
for the classification of tree species, (2) to identify key features (spectral, geometric, textural,
and canopy height) distinguishing the species, and (3) to evaluate the performance of
different ML models (RF, ET, XGBoost, and SVM).

2. Materials and Methods
2.1. Study Area

The study area was selected based on several criteria, including the trees being rep-
resentative of similar areas elsewhere, the site being free of tall buildings, the site having
no source of magnetic interference nearby, and the site not being located within any no-fly
zones for UAVs. Considering these criteria, the botanical garden of the University of the
Punjab, Quaid-e-Azam campus (31.499547◦ latitude and 74.299938◦ longitude) situated in
Lahore city of Punjab province was selected. Figure 1 shows the University of the Punjab’s
botanical garden, characterized by a rich diversity of tree species, which makes a significant
contribution to the tree flora [60]. The total area of the botanical garden is about 32 acres
(~13 ha) with a wide variety of native and non-native trees. Boasting more than four
trees per 100 square metres, the botanical garden’s density represents a dense urban forest.
Lahore city has four distinct seasons: winter (December to February), spring (March to
May), summer (June to August), and autumn (September to November) [61]. High species
diversity and abundance, combined with distinct seasonal variations, allow us to study the
phenological effects of various tree species on classification accuracy.

Figure 1. Location map of the University of the Punjab’s botanical garden, Lahore, Pakistan.

2.2. Methods

This study developed a novel framework by integrating multi-temporal UAV imagery,
GEOBIA, and ML to classify tree species in a botanical garden. The workflow comprised
two primary steps: (a) data acquisition and extraction of the tree crown with its attributes
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(spectral, geometrical, textural, and canopy height), and (b) evaluation of machine learn-
ing models for species classification using ground truth information. Spectral, textural,
geometrical, and canopy height attributes were extracted for all tree crowns delineated
using GEOBIA. ML models were used to identify the most important features and, finally,
the top-performing classifier for accurately classifying tree species was selected. The pro-
cess flow comprised data acquisition, processing, and classification, as illustrated in the
schematic diagram (Figure 2).

 

Figure 2. Schematic diagram depicting approach and methodology.

2.3. Image Acquisition and Data Preprocessing

Multi-temporal imagery of the study area was acquired using the DJI (Da-Jiang
Innovations, Shenzhen, Guangdong, China) Mavic 2 Pro-UAV (Figure 3a) with a high-
resolution Hasselblad RGB camera, having a 1-inch CMOS sensor and 28 mm equivalent
focal length [62]. The data was acquired with the four flights, one in each season—summer,
autumn, winter, and early spring—following the similar flight path of the UAV developed
for the study (Figure 3b). All the datasets were acquired between 10:00 and 11:00 am
(Pakistan Standard Time) on clear-sky days with 80% overlap, nadir view angle (90◦ cam-
era angle), and at 100 m flying height (Table 1). Figure 4 shows the location of ground
control points, which were taken using Real-time kinematic positioning using the Global
Navigation Satellite System (RTK GNSS) to process and rectify the raw dataset with the
Agisoft Metashape Professional (ver. 1.7.6) software by applying the structure from the
motion photogrammetry method. A digital surface model (DSM) and high-resolution
ortho-mosaic images with an average resolution of 2.3 cm per pixel were generated, and
the canopy height was extracted by subtracting the Digital Terrain Model (DTM) from
the Digital Surface Model (DSM). While high resolution enables detailed canopy capture,
potential limitations include occlusion effects from overlapping canopies in dense areas
and radiometric inconsistencies due to seasonal variations in sunlight angles, potentially
affecting spectral feature stability across datasets.
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Figure 3. (a) DJI Mavic 2 pro; (b) flight route and data capturing map.

Table 1. Description of the data acquired from the UAV.

Sr. No. Flying Month Season Camera
Angle

Image
Overlap

Flight
Height

1 30 August 2023 Summer

90◦ 80% 100 m2 29 October 2023 Autumn

3 28 January 2024 Winter

4 11 February 2024 Early Spring

Figure 4. Spatial distribution of ground reference data and orthogonal view of canopy structure of
dominant tree species in the study area.

2.4. Field Reference Data

The botanical garden is divided into different sections, and a field survey was con-
ducted in May 2024 to collect information about tree species from all sections using a
comprehensive inventory method to assess tree species diversity and distribution [63,64].
This involved identifying and recording trees across the sections, with an emphasis on
mature individuals. The data collection included recording the precise spatial location, local
name, scientific name, and family name of each species. The most sampled species was
Jatropha (Jatropha integerrima) from the Euphorbiaceae family, with 39 samples, followed by
Teak Wood (Tectona grandis) from the Verbenaceae family, with 33 samples, and Amaltas
(Cassia fistula) from the Fabaceae family, with 25 samples. Other species included Villayati
Shishum (Millettia ovalifolia), Karenwood (Hetrophragma adenophyllum), Alstonia (Alstonia
scholaris), Chir Pine (Pinus roxburghii), and Dhrek/Bakain (Melia azedarach), with sample
sizes ranging from 15 to 22, reflecting the diversity of the surveyed area. The collected site
data were later converted into a GIS-based point shapefile for further analysis; Figure 4
shows the spatial distribution of the data, and a summary of the field inventory is provided
in Table 2.
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Table 2. Distribution of reference data samples for each tree species.

No. Local Name Scientific Name Family Name Sample

1 Jatropha Jatropha integerrima Euphorbiaceae 39

2 Teak Wood Tectona grandis Verbenaceae 33

3 Amaltas Cassia fistula Fabaceae 25

4 Villayati Shishum Millettia ovalifolia Fabaceae 22

5 Karenwood Hetrophragma adenophyllum Bignoniaceae 18

6 Alstonia Alstonia scholaris Apocynaceae 17

7 Chir Pine Pinus roxburghii Pinaceae 17

8 Dhrek, Bakain Melia azedarach Meliaceae 15

2.5. Tree Crown Extraction

Tree crowns were extracted using the GEOBIA [65,66], following the method proposed
by Onishi & Ise [24]. Multiresolution segmentation, incorporating DSM, slope, and RGB
bands of UAV imagery, was employed in eCognition Developer (ver. 9) software (Trimble,
Inc., Westminster, CO, USA) to generate image object primitives. Segmentation parameters
(Scale = 100, Compactness = 0.5, and Shape = 0.2) were selected using a trial-and-error
approach, with values adjusted iteratively to achieve optimal segmentation results. These
settings effectively reduced misclassification in dense foliage and enhanced the accuracy of
downstream feature extraction, as validated by visual comparisons with the field obser-
vations. To exclude low-lying vegetation and ground-level segments, the DTM and DSM
were utilized, and further refinement was achieved by removing non-tree segments using
rule sets based on spectral, textural, and canopy height features. The resulting extracted
crown covers are illustrated in Figure 5.

Figure 5. True colour composite of UAV imagery of summer and tree crowns extracted using GEOBIA
indicated by a black boundary.

To improve the accuracy of tree species classification and understand the effect of
different features on the classification result, textural, contextual, shape, and geometric
features were used in addition to spectral features [38,67]. Spectral features included
the standard deviation and mean of the RGB bands of tree crowns. Eight geometric
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features were calculated: asymmetry, border index, compactness, density, elliptic fit, main
direction, roundness, and shape index. The mean and standard deviation of canopy height,
along with the slope, were computed as terrain features. Two types of textural features,
grey level co-occurrence matrix (GLCM) and grey level difference vectors (GLDV), were
calculated for every tree object using all pixels within the segmented object [68]. Eight
GLCM and two GLDV features, as outlined in Table 3, were extracted for every tree object.
A label-encoding technique was used to convert tree species names into a numeric format,
facilitating machine readability. Each tree species in the label data was assigned a unique
value ranging from 0 to 7 for further processing.

Table 3. Description of the textural features derived from the grey level co-occurrence matrix (GLCM).

Sr. No. Texture Features Calculation Equations Features Description

1 Mean Mean =
Ng

∑
i=1

.
Ng

∑
j=1

i × P(i, j) The Mean value in the GLCM
window.

2 Homogeneity Hom =
Ng

∑
i=1

.
Ng

∑
j=1

1

1 + (i + j)2 ×P(i, j)

Gradually decreases in weight as
values are further from the

diagonal and weight values by the
inverse of the contrast weight.

3 Contrast Con =
Ng

∑
i=1

.
Ng

∑
j=1

(i − j)2 × P(i, j) Measures local diversity in an
image.

4 Dissimilarity Dis =
Ng

∑
i=1

.
Ng

∑
j=1

|i − j| × P(i, j) Very similar to contrast factors, but
it increases linearly.

5 Entropy Ent = −
Ng

∑
i=1

.
Ng

∑
j=1

P(i, j)× log[P(i, j)]
High value if the values in GLCM

are equally distributed.

6 Angular Second Moment SM =
Ng

∑
i=1

.
Ng

∑
j=1

[P(i, j)]2 The uniformity of greyscale in
the GLCM window.

7 Correlation Cor =
∑

Ng
i=1 .∑

Ng
j=1 i×P(i,j)−µiµj

σiσj

A linear relationship between the
grey levels of adjacent pixels.

8 Standard Deviation STD =

√√√√ Ng

∑
i=1

.
Ng

∑
j=1

P(i, j)× (i − Mean)2 Combination of neighbour and
reference pixels.

9
GLDV angular second

moment
VASM =

N−1
∑

k=0
V2

k
Quantify uniformity of texture in

an image.

10 GLDV entropy VENT =
N−1
∑

k=0
Vk(−lnVk)

Measures the randomness or
unpredictability of the texture.

Note: P(i,j) represents the probability of each pixel pair (i,j), where i and j are the grey tones in the windows
and the coordinates of the co-occurrence matrix space; Ng Represents the number of distinct grey levels in the
quantized image, reflecting the grey value range of the original image; µ and σ represent the mean and standard
deviation of P(i,j), respectively, and Vk is the normalized GLDV.

2.6. Machine Learning Models

Four supervised machine learning models—Random Forest (RF), Extra Trees (ET), eX-
treme Gradient Boost (XGBoost), and Support Vector Machine (SVM)—were implemented
using PyCaret in Python (ver. 3.9) [67]. The sample data was divided into 70:30 training and
testing datasets to balance model training and evaluation, given the dataset size [45]. To
address the class imbalance, the Synthetic Minority Over-sampling technique (SMOTE) was
applied to the training set. This technique generates synthetic samples for minority classes
by interpolating between existing minority instances and their nearest neighbours [69].
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2.6.1. Random Forest (RF)

RF is one of the widely used supervised machine learning models as it can solve clas-
sification and regression problems with high accuracy [70–73]. It is composed of numerous
decision trees, and each tree is an output that returns a class prediction [74]. The prediction
of each tree is aggregated, and the class with the majority votes is set as the final result. RF
has been applied extensively in forestry for tree species identification and classification
using medium-resolution satellite imagery such as Landsat and Sentinel-2 [19,75–78], as
well as high-resolution imagery such as World View [46,79–81]. However, its application for
individual tree species identification using high-resolution UAV imagery combined with
GEOBIA has been less common [47,48], which underscores the novelty of our integrated
approach in this study. Regarding the parameter value, hyperparameters were optimized
using PyCaret’s grid search, resulting in n_estimators = 100, and min_samples_leaf and
min_samples_split were 1 and 2, respectively. The split quality was measured by the crite-
rion ‘gini’. To increase the diversity of the model and to avoid overfitting, the maximum
number of features that were considered for the splitting of each tree, ‘max_features’, was
the square root of the total available features (sqrt).

2.6.2. Extra Trees (ET)

Another type of tree ensemble for forests is ET, also known as Extremely Randomized
Trees, which is a supervised tree-based ensemble model for classification and regression. It
randomly selects the split points and, also, the features, either completely or a fraction of
them [82]. The main benefit of using this classifier is its computational processing speed
and low processing cost, and it is more effective than other ensembles, such as Random
Forest, that require more parameter tuning and optimization [83]. In the input parameters,
n_trees was 100, and min_samples_leaf and _split were 1 and 2, respectively. Measures of
the quality of the split were obtained using ‘SoilType’ (with the ‘Gini’ index as the criterion),
and the parameter ‘max_features’ was established at sqrt.

2.6.3. eXtreme Gradient Boost (XGBoost)

XGBoost is an extremely powerful supervised machine learning model, known for
its speed and superior execution. It employs the gradient boosting method and makes
an ensemble of weak learners (principally decision trees) to create an accurate predictive
model. A novel way for dealing with sparse data and a weighted quantile-based framework
of approximation learning enhance its performance and make it appropriate for classifi-
cation [84,85]. For hyperparameter optimization, 50 trees were set, as XGBoost typically
performs effectively with fewer trees due to its sequential boosting process that corrects
errors from prior trees [84]. The learning rate is equal to 0.15 for the convergence and
performance of the model. To control overfitting and complexity of the model, max_depth
and min_child_weight were chosen as 11 and 4, respectively.

2.6.4. Support Vector Machine (SVM)

In the 1990s, Vapnik introduced a non-parametric supervised machine learning model
known as SVM [86]. It separates two classes by finding the hyperplanes that entirely
separate the closest data points belonging to each class [87]. In relation to the number
of features in the input data, this hyperplane will appear as a plane in n-dimensional
spaces or a line in 2-dimensional spaces [88,89]. Data were classified using SVM with a
linear kernel, ‘none’as the class_weight assigned for dealing with imbalanced datasets.
‘Invscalling’ was used as learning_rate for efficient training and convergence, and max_iter
was set to 1000 for efficient learning, to avoid overfitting, and to balance regularization and
model complexity. ‘Ridge regularization (L2)’ was applied as a penalty.
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2.7. Model Scenarios

Classification was performed in two steps, focusing on the selection of canopy height,
spectral, geometrical, and textural attributes. Single-date datasets were first classified as an
experimental measure to perceive and analyze the performance of the classification as well
as the classification patterns in each season. Secondly, all the multi-temporal datasets were
concatenated to make a large comprehensive dataset, which was used for classification
using the same four machine learning models. This approach provides a comprehensive
assessment of the model’s accuracy and compares it by month and multi-temporal datasets
for the classification accuracy of tree species.

2.8. Accuracy Assessment

Accuracy assessment is essential to confirm the effectiveness of the proposed method,
followed by a validation of the different machine learning classifications. Typically, to
assess how well a supervised learning model is performing, predictions are developed
using test data, and then those predictions are compared to the actual labels in a confusion
matrix. The performance of the models was measured by several performance indexes,
i.e., overall accuracy (OA), precision, recall, F1-score, kappa, and Matthews Correlation
Coefficient (MCC) (Equations (1)–(5)). Confusion matrices were plotted for each machine
learning model to further analyze the model’s performance based on different features.
To assess potential multicollinearity and identify key discriminative features, Shapley
Additive exPlanations (SHAP) values for all the models were computed, revealing mean
absolute contributions of each feature [90]. The analysis of these outputs assessed the
efficacy and computational performance of the models:

Precision =
True Positives (TP)

True Positives (TP) + False Positives (FP)
(1)

Recall =
True Positives (TP)

True Positives (TP) + False Negatives(FN)
(2)

F1-Score = 2 × Precision × Recall
Precision + Recall

(3)

Kappa Coefficient =
Po − Pe

1 − Pe
(4)

where Po, Pe are the observed and expected agreement

MCC =
(TP × TN)− (FP × FN)√

(TP + FP)(TP + FN)(TN + FP)(TN + FN)
(5)

3. Results
3.1. Evaluating Tree Classification Across Single-Date Imagery Using Different Machine
Learning Models

Initially, all the UAV temporal data was classified individually using four machine
learning models—RF, ET, XGBoost, and SVM—and the classification results for tree species
were evaluated. The result, demonstrated in Figure 6, is that Melia azedarach was classified
effectively using all machine learning models during the summer. Pinus roxburghii exhibited
good classification performance across all four machine learning models in the autumn, and
it showed notable classification accuracy in winter as well. Jatropha integerrima classified
well across all four machine learning models and all seasons. However, the OA of individual
tree classification remains relatively low, with most species being misclassified.



Geomatics 2025, 5, 42 10 of 22

Figure 6. Classification accuracy of individual tree species using machine learning models across
different seasons.

To assess the performance of machine learning models, the models were examined
on the single-date imagery. The results in Table 4 show that during the summer, the RF
outperformed others, achieving an OA of 75% and an F1 score of 0.73. In autumn, the
OA of RF decreased, while ET performed well compared to the other models (XGBoost
and SVM), achieving an OA of 67% and an F1 score of 0.62. For the winter, RF performed
well with an OA of 68% and an F1 score of 0.66. XGBoost showed good performance on
the early spring data with an OA of 64% and an F1 score of 0.62. The OA remains very
low, ranging from 57 to 75%, due to the misclassification of trees. However, the summer
imagery shows better accuracy across all four models compared to other seasons. Figure 6
illustrates the classification accuracy for individual tree species, highlighting how species
like Pinus roxburghii and Heterophragma adenophyllum achieve high classification accuracy in
certain seasons due to phenological variations.

Table 4. Overall accuracies used to compare ML algorithms in the different seasons.

Summer Autumn

Model OA Precision Recall F1 Kappa MCC OA Precision Recall F1 Kappa MCC

RF 75% 0.76 0.75 0.73 0.71 0.72 63% 0.62 0.63 0.60 0.57 0.58

ET 74% 0.74 0.74 0.72 0.69 0.70 67% 0.68 0.67 0.65 0.62 0.63

XGBoost 74% 0.77 0.74 0.73 0.70 0.71 65% 0.64 0.65 0.63 0.59 0.60

SVM 72% 0.72 0.72 0.70 0.67 0.68 57% 0.59 0.57 0.55 0.50 0.52
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Table 4. Cont.

Winter Early Spring

Model OA Precision Recall F1 Kappa MCC OA Precision Recall F1 Kappa MCC

RF 68% 0.68 0.70 0.66 0.63 0.64 61% 0.61 0.59 0.58 0.54 0.55

ET 66% 0.66 0.64 0.63 0.60 0.61 62% 0.62 0.59 0.58 0.55 0.56

XGBoost 64% 0.64 0.61 0.61 0.58 0.59 64% 0.64 0.62 0.62 0.58 0.59

SVM 65% 0.65 0.65 0.62 0.59 0.61 62% 0.63 0.62 0.58 0.55 0.57

3.2. Assessment of Tree Species Classification from Multi-Temporal Data

All the temporal data were merged, and the models were trained and tested on the
combined features of multi-temporal data. The effectiveness of four machine learning
models (RF, ET, XGBoost, and SVM) for tree species classification using multi-temporal
UAV data was assessed. The performance of these machine learning models, with a focus
on OA, was thoroughly evaluated. The improved results indicate that the multi-temporal
UAV, by considering all spectral, geometrical, and textural features together, achieved the
highest OA compared to the single-season data, with an OA of 86% for RF, followed by
ET with an OA of 84%, XGBoost with OA of 83%, and SVM with OA of 75% (Figure 7a).
RF outperformed ET, SVM, and XGBoost with the maximum OA of 86%, F1 score of 0.85,
and Kappa value of 0.83 (Table 5, Figure 7b). The OA range has increased from 57–75% to
77–86%, demonstrating an improvement in the classification results. This enhancement
underscores the importance of temporal data in accurately classifying tree species.

Figure 7. Overall classification accuracy of (a) different classifiers on single and multi-temporal data
and (b) RF, ET, XGBoost, and SVM on multi-temporal data.

Table 5. Performance comparison of machine learning models on multi-temporal image composite.

Multi-Temporal Image Composite

Model OA Precision Recall F1 Kappa MCC

RF 86% 0.88 0.86 0.85 0.83 0.84

ET 84% 0.87 0.84 0.83 0.80 0.81

XGBoost 83% 0.85 0.83 0.82 0.80 0.80

SVM 77% 0.80 0.77 0.76 0.74 0.75

The confusion matrix provides a comprehensive overview of the model’s performance
by displaying the true positive, true negative, false positive, and false negative predictions.
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The classification accuracy of each tree species using multi-temporal data varies across
species, highlighting strengths and weaknesses for different tree species (Figure 8). For
Pinus roxburghii, the RF classifier showed high precision, indicating its effectiveness in
correctly identifying this species with few false negatives and positives. Millettia ovalifolia
was not well classified by using RF and had lower precision. The ET classifier performed
very well and showed high precision across several species, particularly Hetrophragma
adenophyllum and Pinus roxburghiihad, making very accurate positive predictions. XGBoost
exhibited high precision for Tectona grandis and Pinus roxburghii, and the SV classifier
showed perfect precision for Jatropha integerrima and Tectona grandis. RF and ET classifiers
appeared to have balanced performance across different species, making them effective
models for tree species classification tasks using multi-temporal data. To address class
imbalance, SMOTE oversampling was applied on the training set to reduce bias toward
majority classes. Table 6 presents the per-class precision, recall, and F-1 scores for the RF
model using multi-temporal data, highlighting the effectiveness of SMOTE in improving
performance across all classes. Minority classes, such as Hetrophragma adenophyllum (F1
score of 0.59) and Pinus roxburghii (F1 score of 0.67), still face some challenges, indicating
no significant overfitting to majority classes as the weighted F1 align closely to OA.

Figure 8. Confusion matrix of multi-temporal data using (a) RF Classifier, (b) ET Classifier, (c) XG-
Boost, and (d) SVM.

Feature importance for different ML models was assessed using SHAP analysis to
identify the most significant contributors to the tree species classification with multi-
temporal data. The top six variables across all models highlight how different feature types
played distinct roles in classification (Figure 9). For the RF classifier, canopy height is the
most influential feature in the classification, followed by the texture feature. In the case
of the ET classifier, GLDV angular second moment is the most significant, with canopy
height and texture features also playing important roles. For the XGBoost classifier, spectral
features are the primary contributors, followed by canopy height and texture features.
Similarly, for the SVM classifier, spectral features are important, with texture features
also being significant. These results indicate that canopy height plays a crucial role in
multi-temporal data classification, followed by textural and spectral features.
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Table 6. Per-class precision, recall, and F1-scores for the RF model on multi-temporal data, highlight-
ing performance across imbalanced classes.

Local Name (Species Name) Precision Recall F1 Support

Jatropha (Jatropha integerrima) 1 1 1 14

Teak Wood (Tectona grandis) 0.67 0.86 0.75 14

Amaltas (Cassia fistula) 0.91 0.77 0.83 13

Villayati Shishum (Millettia ovalifolia) 0.7 0.7 0.7 10

Karenwood (Hetrophragma adenophyllum) 0.63 0.56 0.59 9

Alstonia (Alstonia scholaris) 1 1 1 8

Chir Pine (Pinus roxburghii) 0.8 0.57 0.67 7

Dhrek, Bakain (Melia azedarach) 0.8 1 0.93 7

 

Figure 9. Feature importance from SHAP analysis for the multi-temporal dataset: (a) Random Forest,
(b) Extra Trees, (c) XGBoost, and (d) Support Vector Machine.

The RF classifier was considered robust based on its highest accuracy, and it was used
to classify all tree objects in the study area using spectral, geometrical, and textural features
of multi-temporal data. Figure 10 shows a map of the spatial distribution of dominant tree
species in a portion of the botanical garden.
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Figure 10. Map of the spatial distribution of dominant tree species in the study area.

4. Discussion
This research validated the importance of multi-temporal UAV imagery integrated

with GEOBIA and ML for high-accuracy tree species classification in a botanical garden.
Taking advantage of high spatial resolution (2.3 cm/pixel) imagery on four separate sea-
sonal datasets (summer, autumn, winter, and early spring), the RF classifier showed a
significant increase in accuracy for single-date and multi-temporal data. It is consistent
with many existing studies on the importance of multi-temporal images for the phenologi-
cal characteristics [91–95]. This enhancement could be due to a combination of factors. The
first factor is that the phenological behaviour of trees fluctuates seasonally, highlighting
the necessity of incorporating seasonal variations to improve classification. This finding
is consistent with several studies that utilize the phenological features of trees, based on
multi-temporal information, to improve classification performance [76,94,96]. Second, the
temporal aspect supports the decrease in errors and noise that are associated with single-
date images. Through the use of multi-temporal imagery, anomalies can be averaged off
and signals of the particular tree species enhanced [97]. The choice of season is also crucial,
for if imagery from summer months is used, then the vegetation would be vigorous, as
the monsoon results in dense green cover. This yields lush, exclusively covered leaves
that are critical for classification, as features from the summer dataset markedly improve
model capability.

In addition, feature importance was evaluated using SHAP analysis to investigate
the contribution of different variables. The height of the canopy of the tree is an effective
characteristic for classification; thus, some researchers applied the canopy height for the
improvement of precision [71]. Canopy height is also a key factor in tree segmentation [98]
and can be derived as tree height-related metrics, which may be the most significant
predictors in classification [99]. This study also aligns with these findings, as canopy
height was the most significant feature influencing classification accuracy. Textural features
are important predictors too, particularly in seasonal analyses. Texture features can help
to distinguish trees with similar spectral attributes, resulting in increased classification
accuracy [100]. Deur et al. [79] also improved the accuracy of classification by introducing
textural features in complement with spectral bands. Consistently, in our findings, the
textural features were the second most important variable in the tree classification. Guo
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et al. [38] also used several features for UAV image classification, reporting that geometric
features had a negative impact on their classification accuracy, potentially due to variability
in crown shapes within the species. To study this result in more detail, we conducted an
additional classification using all four machine learning classifiers, excluding the geometric
features from the input samples. The OA remained consistent with the original, indicating
that the geometric features had no adverse effect on model performance in this study and
made little difference to the classification outcomes.

Secondly, in assessing how machine learning models were able to perform well in the
classification of tree species, their performance was first evaluated on individual imagery
and, later, on the multi-temporal dataset. According to our results, the RF model performed
well using a multi-temporal dataset compared to other models, due to its non-parametric
structure, and can handle imbalanced datasets, which improves its predictive capabilities.
These inferences agree with prior studies related to the classification of tree species, as
multiple studies show consistently that RF employs a more accurate classification of images.
Adugna et al. [78] compared RF and SVM models using satellite images and found that
RF performed better than SVM, achieving an OA of 0.86 compared to 0.84 for SVM. The
authors found that RF is more effective in managing large input datasets, where SVM
often struggles. Similarly, Herbryn-Baidy & Rees [101] assessed various machine learning
models for land cover classification using Sentinel-2 data, showing that the RF algorithm
achieved the highest OA. However, due to the low resolution of the imagery, the accuracy
of forest classification was relatively low, at just 77%. For high-resolution satellite imagery,
Jombo et al. [102] utilized World View-2 satellite data with RF to classify tree species in
a heterogeneous environment, achieving an OA of 97%. Man et al. [103] applied RF on
multispectral UAV imagery for urban tree species classification, demonstrating strong
performance in heterogeneous environments. RF outperformed the other algorithms,
clearly establishing it as the best option for tree species classification.

The overall framework’s high accuracy (86% with RF) demonstrates the power of
multi-temporal UAV imagery for capturing phenological variation, aligning with Jiang
et al. [94], who emphasize seasonal data for species mapping. Accuracy does vary for
different species across seasons, while our results generally show the highest accuracy in
the summer months for all ML algorithms. But Pinus roxburghii exhibits strong performance
in autumn and winter due to its distinct phenological characteristics. This highlights
the key contribution of this research, demonstrating the importance of acquiring UAV
imagery in optimal months tailored to specific tree species to maximize the classification
accuracy. This temporal flexibility of UAV imagery, combined with high spatial resolution,
provides a significant advantage over available medium- and high-resolution satellite
imagery. However, a limitation of this study is the focus on a botanical garden, which,
while diverse, may not fully represent natural forest dynamics. The moderate sample
size may limit generalizability to larger, more heterogeneous forests. Practical challenges,
such as heavy cloud cover during the monsoon season, may reduce image quality, hinder
drone operations, and limit scalability in cloud-prone regions. While homogeneous cloud
cover can sometimes provide favorable conditions for data acquisition by minimizing
shadows, it may also negatively affect solar flux capture, posing additional limitations.
The computational cost of data acquisition and processing may also constrain broader
applications. Future research should consider integrating other sensors with UAVs, such
as multispectral and hyperspectral sensors, to capture spectral variations more accurately
within specific classes. Furthermore, LiDAR technology can be employed with UAVs to
estimate tree height reliably due to its ability to penetrate canopies [10].
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5. Conclusions
This study provides a novel framework that integrates high-resolution UAV imagery

with GEOBIA and ML for precise tree species identification and classification. Multi-
temporal imagery (2.3 cm/pixel) was collected across four seasons (summer, autumn,
winter, and early spring) at the University of the Punjab’s botanical garden. Four different
ML models (RF, ET, XGBoost, and SVM) were tested and compared to classify the eight
tree species, including Jatropha integerrima and Tectona grandis. The results demonstrate
the highest performance was from RF, achieving an OA of 86% (F1 score 0.85, kappa 0.83).
This shows an improvement over single-date imagery classification, which ranged from
57% to 75% in overall accuracy. These results highlight the essential role of multi-temporal
data in capturing structural and phenological variations for accurate species classifica-
tion. This study highlights the importance of canopy height and textural features as key
predictors in reducing misclassification, aligning with prior research that emphasizes the
use of structural and phenological data in remote sensing applications. The integration of
spectral, textural, and geometrical features extracted through GEOBIA, combined with the
robustness of the RF classifier, provides an efficient approach for tree species classification
in diverse ecosystems. These findings have significant implications for urban green space
management, sustainable forest management, and biodiversity conservation, offering ur-
ban planners and remote-sensing experts a high-precision tool to monitor and manage
tree species.

Despite these promising results, this study has several limitations that remain to be
addressed. The research was conducted in a controlled environment of a botanical garden,
which may not fully capture the complexity of a natural forest ecosystem. The UAV imagery
used was limited to three RGB bands, potentially restricting spectral differentiation. Class
imbalance in the dataset may further limit generalizability, potentially introducing biases in
biodiversity assessments, despite SMOTE mitigation. A moderate sample size may reduce
robustness in a heterogeneous environment. Integrating advanced UAV payloads, such as
multispectral or hyperspectral payloads or LiDAR, will enhance the spectral and structural
characteristics of the trees. Expanding this framework to a larger and more heterogeneous
forest ecosystem would further validate its robustness. This work advances the growing
field of UAV-based remote sensing by demonstrating the effectiveness of ML analysis and
GEOBIA of multi-temporal UAV imagery for precise tree species classification. The findings
of this study could contribute to the development of robust and adaptable methodologies
for more accurate and efficient monitoring of tree species, thereby supporting global efforts
in ecosystem preservation and sustainable land management.
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