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INTRODUCTION

In recent years, the rapid development of 
unmanned aerial vehicle (UAV) technology, 
image processing techniques, and machine learn-
ing methods has created new opportunities for the 
acquisition and analysis of spatial data in civil 
engineering. High-resolution aerial imagery and 
photogrammetric products, such as orthomosa-
ics and 3D models, can now be automatically 
analysed using artificial intelligence algorithms, 
enabling efficient identification of infrastructure 
objects, assessment of their technical condition, 
and monitoring of changes occurring in their sur-
roundings. Increasingly, the integration of remote 
sensing data with machine learning techniques 

is recognized as one of the key tools supporting 
modern transportation infrastructure management 
systems [1–4].

The identification of road surface materials 
and pavement conditions using remote sensing 
data represents an important research direction at 
the intersection of photogrammetry, remote sens-
ing, and transportation infrastructure management 
systems. Traditional pavement assessment meth-
ods rely primarily on field inspections or special-
ized survey vehicles, which are associated with 
high costs, considerable time requirements, and 
limited data update frequency. The development of 
unmanned aerial vehicles (UAVs) and automated 
image analysis methods has significantly enhanced 
the possibilities for acquiring information on road 
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infrastructure [5, 6]. Very high-resolution imag-
ery, supported by advanced machine learning 
(ML) algorithms, including deep learning (DL) 
approaches, now enables not only the extraction of 
road networks but also the assessment of pavement 
conditions and the detection of surface defects [7, 
8]. Most existing studies [5–9], however, focus 
on road detection, crack identification, rutting and 
pothole recognition, and pavement degradation 
monitoring. Considerably less attention has been 
devoted to the identification of the materials from 
which road surfaces are constructed. Previous 
studies [10–12] have demonstrated the potential of 
multispectral and hyperspectral data for pavement 
material identification. Analyses based on airborne 
and satellite imagery have shown that asphalt, con-
crete, aggregates, and unpaved surfaces exhibit dis-
tinct spectral signatures that enable their automatic 
discrimination. Particular attention has been given 
to the near-infrared and short-wave infrared spec-
tral regions, which often provide greater material 
separability than conventional RGB bands. At the 
same time, increasing interest has been observed 
in the use of UAVs as platforms for acquiring data 
for surface material classification [13, 14]. Com-
pared with satellite imagery, UAV systems pro-
vide substantially higher spatial resolution, which 
is particularly important in urban environments 
and transportation infrastructure areas where indi-
vidual pavement elements are often relatively 
small [15]. Despite these advantages, the number 
of studies directly addressing the classification of 
road surface materials using UAV-based multi-
spectral imagery remains limited. Information on 
road construction materials is important not only 
for transportation infrastructure management but 
also for environmental analyses related to surface 
sealing, urban heat balance assessment, and storm 
water runoff modelling [16, 17]. The authors of 
[12] demonstrated the possibility of distinguishing 
asphalt pavements with different levels of degrada-
tion using hyperspectral data. More recent studies 
have focused on integrating remote sensing data 
with machine learning methods. For example, in 
[18], an automated framework combining remote 
sensing data, GIS, and machine learning tech-
niques was developed for extracting information 
on road surfaces. Using high-resolution multispec-
tral imagery, the authors achieved 89% classifica-
tion accuracy for asphalt and concrete pavements, 
highlighting the considerable potential of airborne 
data for road infrastructure inventory applications. 
However, the practical use of hyperspectral data is 

limited by their high acquisition costs, processing 
complexity, and lower availability compared with 
RGB and multispectral sensors commonly mount-
ed on UAV platforms. Despite their high classifica-
tion potential, hyperspectral datasets are still rela-
tively rarely employed in operational applications. 
Multispectral imaging represents a compromise 
between conventional RGB imagery and advanced 
hyperspectral data. Multispectral sensors capture 
additional portions of the electromagnetic spec-
trum, allowing a more comprehensive character-
ization of surface spectral properties than standard 
RGB cameras. Studies on land-cover classification 
have shown that combining RGB and multispectral 
imagery can improve classification performance, 
particularly in heterogeneous environments [19, 
20]. The application of multispectral imaging to 
road surface material identification is based on 
the phenomenon of differential electromagnetic 
radiation reflectance exhibited by various materi-
als. Asphalt, cement concrete, stone paving blocks, 
and unpaved surfaces are characterized by distinct 
spectral response curves resulting from differences 
in their mineral composition, physical properties, 
and degree of weathering. These differences are 
often most pronounced outside the visible spec-
trum, particularly within the red-edge and near-
infrared wavelength regions [21]. Spectral indices 
such as NDVI, NDRE, and other band combina-
tions are most commonly used for vegetation con-
dition assessment. However, they can also serve as 
additional features describing relationships among 
spectral bands [22]. In remote sensing image clas-
sification, such indices are frequently employed as 
auxiliary variables that enhance class separability 
[23]. In the context of road material classification, 
their role is not necessarily related to the direct 
analysis of vegetation conditions but rather to 
enriching the model feature space and improving 
the discrimination of road surfaces from adjacent 
areas, bare soil, and vegetation.

In recent years, ensemble learning algorithms 
have become among the most widely used methods 
for remote sensing data classification [24]. Their 
popularity stems from their high effectiveness in 
analysing multidimensional image datasets, their 
ability to model complex nonlinear relationships, 
and their strong generalization capabilities [25]. 
A particularly important algorithm in remote sens-
ing applications is Random Forest, originally pro-
posed by Breiman [26]. According to the review 
conducted by Belgiu and Drăguţ [27], Random 
Forest is among the most frequently applied 
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classifiers for satellite and airborne imagery. The 
authors emphasize that the method achieves high 
classification accuracy while reducing the risk 
of model overfitting and simultaneously provid-
ing measures of the relative importance of input 
variables. In recent years, increasing attention has 
also been devoted to gradient boosting algorithms. 
XGBoost, developed by Chen and Guestrin [28], 
was designed for efficient processing of large 
datasets and optimization of the learning process. 
Through the use of regularization techniques and 
advanced decision-tree construction mechanisms, 
the algorithm achieves high performance in both 
classification and regression tasks. LightGBM, in 
turn, employs histogram-based tree growth and a 
leaf-wise growth strategy, significantly reducing 
training time while maintaining high classification 
accuracy [29]. Several studies have demonstrated 
the high effectiveness of both ensemble learning 
methods and modern machine learning and deep 
learning techniques in remote sensing classifica-
tion tasks [30, 31]. Beyond classification perfor-
mance, ensemble learning algorithms also provide 
the ability to identify the most informative spectral 
features. Feature importance analysis has become 
one of the key directions in the development of 
machine learning methods for remote sensing 
applications [27, 32–34]. In addition to evaluating 
classification accuracy, it enables the determina-
tion of which spectral bands and derived indices 
contribute most strongly to the model decision-
making process. Such information can be used 
both to optimize future data acquisition systems 
and to improve understanding of the physical rela-
tionships between material properties and their 
spectral responses. For road surface materials, this 
issue remains relatively underexplored, particular-
ly with respect to multispectral data acquired from 
UAV platforms. This aspect is especially impor-
tant for UAV-based multispectral imagery, where 
the contribution of individual spectral bands and 
derived indices remains insufficiently investigated 
in the context of road surface material classifica-
tion [13, 34].

RESEARCH PROBLEM

Despite the growing number of studies 
employing UAV imagery and machine learning 
methods for transportation infrastructure moni-
toring, existing research has focused primarily on 
pavement condition assessment and the automated 

detection of defects such as cracks, potholes, and 
surface deformations. Considerably less attention 
has been devoted to the classification of road sur-
face materials using remote sensing data, particu-
larly data acquired from UAV platforms. Although 
multispectral sensors provide information beyond 
that captured by conventional RGB cameras, their 
actual contribution to the classification accuracy 
of road surface materials remains insufficiently 
understood. Previous studies have demonstrated 
the potential of multispectral and hyperspectral 
data for distinguishing different pavement types. 
However, relatively few investigations have 
examined the extent to which supplementing 
standard RGB imagery with additional spectral 
information improves classification performance. 
Consequently, it remains unclear which spectral 
regions provide the most useful information for 
discriminating among asphalt, concrete, stone, 
and unpaved road surfaces. Another limitation of 
existing research is the relatively small number 
of studies comparing the performance of modern 
ensemble learning algorithms in remote sens-
ing applications. Although algorithms such as 
Random Forest, XGBoost, and LightGBM are 
increasingly applied in land-cover classification, 
infrastructure object detection, and road surface 
analysis [23, 35–37], studies enabling their direct 
comparison for road surface material classifica-
tion based on UAV-derived multispectral data are 
still scarce. In particular, there is a lack of research 
comparing these methods using the same dataset 
and an identical set of input features. At the initial 
stage of the study, semantic segmentation archi-
tectures, particularly U-Net, were considered 
because of their widespread use in UAV image 
analysis. However, preliminary experiments indi-
cated that the available dataset, comprising only 
six independent study sites, was insufficient to 
achieve satisfactory model generalization. Since 
the primary objective of this study was to evalu-
ate the contribution of multispectral information 
rather than to compare different artificial intelli-
gence architectures, the experimental framework 
was based on ensemble learning algorithms (Ran-
dom Forest, XGBoost, and LightGBM). This 
approach enabled the influence of successive 
groups of input features, including multispectral 
bands, spectral indices, and texture descriptors, 
to be assessed while keeping the classifier fam-
ily unchanged and minimizing the influence of 
model architecture on the obtained results. There-
fore, the research problem addressed in this study 
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concerns the evaluation of the impact of extend-
ing standard RGB data with additional multispec-
tral bands on the accuracy of road surface mate-
rial classification. Particular emphasis is placed 
on comparing the results obtained from different 
input data configurations and assessing the capa-
bilities of selected ensemble learning algorithms 
for road surface material identification.

RESEARCH METHODOLOGY

Study area and UAV data acquisition

The study was conducted on six road sites 
located in the Wielkopolska Voivodeship, Poland 
(Figure 1). The selected areas represented the 
most common pavement types found within the 
transportation network, including cement concrete 
pavements, precast concrete block pavements, 
stone block pavements, and asphalt pavements 
exhibiting varying levels of deterioration. In addi-
tion, the investigated sites contained accompany-
ing features such as unpaved shoulders, roadside 
ditches, road markings, stormwater inlets and 
metal manhole covers, as well as surrounding 
vegetation. The characteristics of the individual 
study sites are presented in Table 1. The study 
sites were intentionally selected to represent the 
most common pavement materials occurring in 
the Polish road network, while simultaneously 
ensuring variation in pavement age, technical con-
dition, surrounding land cover, and the presence 

of accompanying infrastructure. This allowed the 
evaluation of the proposed methodology under 
different surface characteristics while maintaining 
comparable acquisition conditions.

Data were acquired between July and Sep-
tember 2025 using a DJI Mavic 3 Multispec-
tral unmanned aerial vehicle (UAV). The plat-
form was equipped with a 20 MP RGB camera 
(5280 × 3956 pixels) and four 5 MP multispec-
tral cameras (2592 × 1944 pixels each), captur-
ing reflected radiation in the Green (560±16 nm), 
Red (650±16 nm), Red Edge (730±16 nm), and 
Near Infrared (860±26 nm) spectral bands. In 
addition, the system incorporated a sunlight sen-
sor that enabled compensation for variations in 
illumination conditions during flight operations. 
The DJI Mavic 3 Multispectral was also equipped 
with a GNSS RTK (real-time kinematic) receiver, 
allowing the coordinates of image projection cen-
tres to be recorded with centimetre-level accu-
racy. To ensure high georeferencing accuracy of 
the orthomosaics and derived photogrammetric 
products, between five and nine ground control 
points (GCPs) were established at each study site. 
The coordinates of the GCPs were determined 
using the GNSS RTK surveying method in the 
ETRF2000-PL/CS2000 horizontal reference sys-
tem (Zone 5), while elevation data were refer-
enced to the PL-EVRF2007-NH vertical datum. 
The control points were distributed evenly across 
each survey area, covering both the central por-
tions of the scene and its boundaries, in accor-
dance with recommendations for low-altitude 

Figure 1. Location of the UAV survey sites used for orthomosaic acquisition and subsequent
machine-learning-based classification analysis
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UAV photogrammetry [38, 39]. A subset of the 
points was used as control points during photo-
grammetric processing, whereas the remaining 
points served as independent check points for the 
assessment of georeferencing accuracy.

All UAV surveys were conducted under com-
parable weather conditions, namely on sunny 
days with limited cloud cover, between 13:00 
and 17:00 local time. During data acquisition, 
local shadowing caused by tree canopies and road 
infrastructure elements was present; however, 
illumination conditions were generally consistent 
across all investigated sites. All flight missions 
were performed at a nominal altitude of 30 m 
above ground level (AGL), with a planned forward 
overlap of 70% and a side overlap of 80%. These 
parameters are consistent with recommendations 
for acquiring high-resolution UAV photogram-
metric data intended for transportation infrastruc-
ture analysis and land-cover classification appli-
cations [40, 41]. For each study site, both RGB 
and multispectral imagery were collected. The 
acquired datasets were subsequently processed 
in Agisoft Metashape Professional version 2.2.0. 
The workflow included image alignment, dense 
point cloud generation, digital elevation model 
(DEM) creation, and orthomosaic production. 
Depending on the size of the study area and the 
number of acquired images, the photogrammet-
ric reconstruction yielded approximately 6·104 to 
1.6·106 tie points and from approximately 1.1·107 
to 9.6·108 dense point cloud points. Project geo-
referencing was based on GCPs distributed uni-
formly throughout the study areas. Reconstruction 
accuracy was evaluated using both control points 
and independent check points, following com-
monly adopted validation procedures for UAV 

photogrammetric products [38, 42]. The result-
ing orthomosaics were characterized by very 
high spatial resolution. For the RGB datasets, the 
ground sampling distance (GSD) ranged from 
0.78 to 0.98 cm/pixel, whereas for the multispec-
tral datasets it ranged from 1.33 to 1.57 cm/pixel 
(Table 2). Georeferencing accuracy was assessed 
using the root mean square error (RMSE) calcu-
lated for both control points and check points. 
The obtained RMSE values ranged from 2.2 
cm to 4.1 cm for RGB control points and from 
6.1 cm to 8.1 cm for multispectral datasets. For 
the independent check points, the errors did not 
exceed 12.8 cm (Table 3). The achieved georef-
erencing accuracy was several times higher than 
the dimensions of the analysed pavement features 
and ensured the correct spatial positioning of the 
reference data used during the training of the clas-
sification models. Given that the analyses focused 
on the classification of pavement materials within 
relatively homogeneous road surface areas, the 
obtained accuracy level was considered sufficient 
for further data processing. The achieved RMSE 
values are comparable to, or lower than, those 
reported in previous studies employing UAV pho-
togrammetry supported by GNSS RTK-measured 
ground control points [38].

Preliminary data processing and reference 
dataset preparation

Following the completion of photogrammet-
ric processing, the RGB and multispectral ortho-
mosaics were exported separately from Agisoft 
Metashape Professional. Due to the physical 
separation of the RGB and multispectral sensors 
mounted on the UAV platform, slight spatial offsets 

Table 1. Characteristics of the UAV survey sites, including pavement type, site features, and geometric parameters

Site ID Predominant pavement 
material Site characteristics Length [m] Area [m²]

A1 Asphalt pavement 
(good condition)

Asphalt road section with an unpaved road segment 
and a roadside ditch 239 4183

A2 Asphalt pavement 
(poor condition)

Asphalt road in poor condition located in an 
agricultural area, with a railway crossing 147 4946

A3
Asphalt pavement with 
drainage ditch 
(poor condition)

Asphalt road section in poor technical condition, with a 
roadside ditch and an asphalt cycle path 253 10434

C1 Concrete pavement Concrete road with an asphalt cycle path, pedestrian 
crossing, and concrete block driveways 310 4235

CB1 Concrete block pavement Concrete block parking area with sidewalks and linear 
drainage inlets - 3196

SB1 Stone block pavement Rural cobblestone road partially covered by tree 
canopy 362 7844
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were observed between the resulting products, par-
ticularly along the boundaries of objects charac-
terized by high spectral contrast. In addition, the 
two datasets exhibited different ground sampling 
distances (GSDs). To ensure pixel-level alignment 
across all image channels, an image co-registration 
procedure was performed. This process involved 
aligning the RGB orthomosaics to the multispec-
tral data grid and resampling the RGB imagery 
using cubic interpolation. Subsequently, the RGB 
and multispectral layers were merged into a unified 
seven-band orthomosaic comprising three RGB 
channels (Red, Green, and Blue) and four multi-
spectral channels (Green, Red, Red Edge, and Near 
Infrared, NIR). The data were further clipped to a 
common area of interest in order to remove regions 
lacking complete information and to ensure full 
spatial consistency among all channels. As a result, 
seven-band orthomosaics with a spatial resolution 
corresponding to that of the multispectral imagery 
were obtained and used as the basis for subsequent 
classification analyses.

Reference samples were prepared in QGIS 
version 3.40 through the manual digitization of 
polygons representing road surface materials and 
elements of their immediate surroundings. In 
total, 1.442 reference polygons were digitized, 
representing 12 classes of road surface materials 
and associated surrounding features:
	• concrete pavement,
	• asphalt pavement,
	• grey concrete block pavement,

	• red concrete block pavement,
	• dark-grey concrete block pavement,
	• curbs and edging elements,
	• stone block pavement,
	• white road markings,
	• red road markings,
	• metal elements (storm water inlets and rails),
	• aggregate shoulders and unpaved surfaces,
	• vegetation.

The twelve classes were deliberately select-
ed to represent not only the investigated pave-
ment materials but also the most common objects 
occurring in their immediate surroundings. This 
class composition enabled the evaluation of the 
proposed classification framework under realis-
tic operational conditions. This approach is com-
monly used for obtaining reliable training data in 
the analysis of very high spatial resolution remote 
sensing imagery, where the accuracy of reference 
labels is critical to the quality of subsequent classi-
fication results [43]. An example of the distribution 
of the reference polygons used for the preparation 
of the training dataset is presented in Figure 2.

The vector data stored in the GeoPackage 
format were subsequently converted into raster 
class masks corresponding to the geometry of the 
orthomosaics. These masks served as reference 
data for the training and validation of the clas-
sification models. In the next stage, the orthomo-
saics and their corresponding reference masks 
were divided into overlapping image patches of 

Table 2. UAV data acquisition parameters for the surveyed sites

Site ID Number of images [-] RGB GSD [cm/pix] MS GSD [cm/pix] Number of GCPs [-]

A1 212 0.83 1.43 5

A2 67 0.93 1.57 5

A3 178 0.98 1.43 7

C1 122 0.78 1.33 7

CB1 74 0.84 1.44 9

SB1 601 0.80 1.36 5

Table 3. Georeferencing accuracy of RGB and multispectral orthomosaics

Site ID RGB control RMSE [m] RGB check RMSE [m] MS control RMSE [m] MS check RMSE [m]

A1 0.038 0.042 0.080 0.072

A2 0.032 0.032 0.079 0.124

A3 0.041 0.036 0.072 0.128

C1 0.022 0.022 0.061 0.111

CB1 0.038 0.018 0.081 0.088

SB1 0.034 0.048 0.064 0.079
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512 × 512 pixels. Patch extraction was performed 
using a sliding-window approach with a stride 
of 128 pixels, enabling an increase in the num-
ber of training samples while preserving local 
spatial context. Only patches containing at least 
1.000 reference pixels were retained for further 
analysis, ensuring adequate representation of the 
target classes within each sample. For each patch, 
spectral values were normalized independently 
for each channel. In addition, the NDVI (nor-
malized difference vegetation index) and NDRE 
(normalized difference red edge index) were 
calculated using the Red, Red Edge, and NIR 
bands. These indices are among the most widely 
used spectral measures for describing vegetation 
presence and condition, as well as supporting the 

discrimination of land-cover objects [44–47]. As 
a result, three input data configurations were pre-
pared: a three-band RGB dataset, a seven-band 
MS7 dataset, and an extended nine-band MS9 
dataset additionally containing NDVI and NDRE 
values calculated according to Equations 1 and 2, 
respectively [44, 46]:

	 NDVI = (NIR – Red) / (NIR + Red)	 (1)

where:	NIR – near-infrared reflectance, Red – 
red-band reflectance.

	NDRE = (NIR – RedEdge) / (NIR + RedEdge)	(2)

where:	NIR – near-infrared reflectance, RedEdge – 
reflectance in the red-edge spectral band.

To ensure an independent assessment of 
model generalization performance, a study site-
based data partitioning strategy was adopted. 
Samples derived from five locations (A1, A2, 
C1, CB1, and SB1) were used for model train-
ing, whereas data from location A3 were reserved 
exclusively for testing. This approach reduces the 
risk of spatial autocorrelation between the train-
ing and test datasets, thereby enabling a more 
reliable evaluation of classification performance 
on previously unseen road sites [48].

Machine learning algorithms and 
classification workflow

To evaluate the influence of spectral and spa-
tial information on the classification of road sur-
face materials, three ensemble machine learning 
algorithms were investigated: Random Forest 
(RF), Extreme Gradient Boosting (XGBoost), and 
Light Gradient Boosting Machine (LightGBM). 
The three algorithms were deliberately selected 
because they belong to the same family of ensem-
ble learning methods while representing different 
tree construction and boosting strategies. This 
enabled a consistent comparison of successive 
input feature configurations while minimizing 
the influence of fundamentally different classifier 
architectures on the obtained results. The primary 
objective of this study was to quantify the con-
tribution of multispectral information and derived 
spatial features to road surface material classifica-
tion performance rather than to benchmark funda-
mentally different artificial intelligence architec-
tures. In the first stage, each model was trained 
using three different input data configurations: 

Figure 2. Preparation of reference data used for 
pavement-material classification: (a) seven-band 
orthomosaic with reference polygons (b) enlarged 

view showing manually delineated reference 
polygons representing pavement materials and 

surrounding land-cover classes
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RGB imagery, a seven-band multispectral dataset 
(MS7), and an extended nine-band dataset (MS9) 
enriched with the normalized difference vegeta-
tion index (NDVI) and the normalized difference 
red edge index (NDRE). During the initial stage 
of the study, semantic segmentation architectures, 
particularly U-Net, were also considered. How-
ever, preliminary experiments conducted using 
the MS7 dataset indicated poor model generaliza-
tion for the available dataset, which comprised 
only six independent study sites. Consequently, 
the final experimental framework focused on 
ensemble learning algorithms, which proved more 
suitable for the available dataset and additionally 
allow straightforward interpretation of feature 
importance. Based on the obtained results, the 
best-performing model was selected for further 
analysis. In the second stage, additional experi-
ments were conducted using this model by incor-
porating texture features and edge information 
derived from the Sobel operator. In total, fifteen 
classification configurations were evaluated. The 
selected algorithms were chosen because of their 
widespread application in remote sensing studies 
and their proven ability to model complex nonlin-
ear relationships in high-dimensional datasets [26, 
27, 29]. Tree-based ensemble methods are par-
ticularly well suited for UAV image classification, 
as they are robust to multicollinearity, effectively 
handle multidimensional feature spaces, and pro-
vide high classification performance even when 
relatively limited training datasets are available. 
The baseline dataset consisted of three RGB chan-
nels (Red, Green, and Blue). The MS7 configu-
ration included seven spectral bands, comprising 
the three RGB channels together with four multi-
spectral bands: Green, Red, Red Edge, and Near 
Infrared (NIR). The third configuration, denoted 
as MS9, extended the MS7 dataset by incorporat-
ing two spectral vegetation indices, NDVI and 
NDRE, calculated from the Red, Red Edge, and 
NIR bands according to Equations 1 and 2.

Subsequently, additional experiments were 
performed using the best-performing model 
identified in the first stage to investigate the con-
tribution of spatial information to classification 

performance. Texture features were extracted for 
each spectral band using a moving window of 5 × 5 
pixels. Specifically, the local mean, standard devi-
ation, and local contrast, defined as the difference 
between the maximum and minimum pixel values 
within the moving window, were calculated. Such 
texture descriptors are widely employed in remote 
sensing image classification because they capture 
local surface heterogeneity and improve the dis-
crimination of objects exhibiting similar spectral 
characteristics [49, 50]. In the second variant of 
the extended experiments, the feature set was fur-
ther enriched with edge information representing 
local image intensity variations. For each spectral 
band, gradient magnitude values were computed 
using the Sobel operator, providing informa-
tion on edge strength and spatial variability. This 
approach enabled the simultaneous exploitation 
of spectral, textural, and geometric information 
describing the analyzed road surfaces. The num-
ber of features included in each experimental con-
figuration is summarized in Table 4.

The Random Forest algorithm was imple-
mented as an ensemble of decision trees con-
structed using randomly selected training sam-
ples and random subsets of input features [26]. 
To mitigate the effects of class imbalance, class 
weighting was applied using the balanced sub-
sample strategy. Model training was performed 
iteratively with up to 1.500 decision trees, and 
the optimal number of estimators was determined 
based on the Macro F1-score, calculated accord-
ing to Equation 4, on the validation dataset.

The XGBoost models were trained using a 
learning rate of 0.03, a maximum tree depth of 
4, a subsampling ratio (subsample) of 0.75, and a 
feature sampling ratio (colsample bytree) of 0.75 
[28]. The maximum number of boosting itera-
tions was set to 10,000. Training was automati-
cally terminated using an early stopping criterion 
when the validation loss did not improve for 200 
consecutive iterations.

For the LightGBM models, a learning 
rate of 0.03, 31 leaves, observation and fea-
ture sampling ratios of 0.75, and an L2 regu-
larization parameter of 5.0 were applied [29]. 

Table 4. Number of input features for each experimental variant

Dataset 
variant RGB MS7 MS9 RGB + 

textures
MS7 + 

textures
MS9 + 

textures

RGB + 
textures + 

Sobel

MS7 + 
textures + 

Sobel

MS9 + 
textures + 

Sobel
Number of 
features 3 7 9 12 28 36 15 35 45
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The maximum number of trees was also set 
to 10,000, and training was terminated when 
no improvement in the validation error was 
observed for 200 consecutive iterations.

Prior to model training, the available data 
were divided into training and validation subsets. 
The models were trained using the training data-
set, while a validation dataset comprising 20% of 
the training samples, selected using stratified sam-
pling to preserve class proportions, was used for 
hyperparameter tuning and monitoring the train-
ing process. The independent test dataset consist-
ed exclusively of samples derived from location 
A3, which was completely excluded from model 
training. This site-based train-test split was inten-
tionally adopted to evaluate the generalization 
capability of the models on a previously unseen 
road section while reducing the risk of optimis-
tic performance estimates caused by spatial auto-
correlation between neighbouring image patches 
[51]. Classification performance was evaluated 
using three widely adopted metrics: OA, Macro 
F1-score (calculated as the arithmetic mean of 
the class-wise F1-scores), and Mean Intersec-
tion over Union (mIoU), which are widely used 
for assessing the quality of remote sensing image 
classification results [52]. These metrics were cal-
culated according to Equations 3–5.

	 OA = (TP + TN) / (TP + TN + FP + FN)	 (3)

where: TP (True Positives) denotes the number of 
correctly classified samples belonging to a 
given class, TN (True Negatives) represents 
correctly identified samples not belonging 
to that class, FP (False Positives) refers to 
samples incorrectly assigned to the class, 
and FN (False Negatives) denotes samples 
belonging to the class that were incorrectly 
classified as another category.

	 Macro F1 = 1
𝑛𝑛 ∑𝑖𝑖=1

𝑛𝑛  F1i         (4) 
 
mIoU = 1𝑛𝑛 ∑𝑖𝑖=1

𝑛𝑛  IoUi         (5) 
 
IoUi = TPi / (TPi + FPi + FNi)  
 
        
 

	 (4)

where:	F1i = 2 ⋅ ((Precision i · Recall i) / (Preci-
sion i + Recall i)), Precision i = TP i / (TP i 
+ FP i), Recall i = TP i / (TP i + FN i).

	

Macro F1 = 1
𝑛𝑛 ∑𝑖𝑖=1

𝑛𝑛  F1i         (4) 
 
mIoU = 1𝑛𝑛 ∑𝑖𝑖=1

𝑛𝑛  IoUi         (5) 
 
IoUi = TPi / (TPi + FPi + FNi)  
 
        
 

	 (5)

where:

	 IoUi​ = TPi / (TPi + FPi + FNi)	

where:	TPi, FPi and FNi denote the numbers of 
true positives, false positives, and false 
negatives for class i, respectively.

In addition to the aggregated performance 
metrics, confusion matrices and class-specific 
statistics, including precision, recall, and Macro 
F1-score, were also analysed. This made it pos-
sible to identify the classes most frequently con-
fused by the models and to assess the influence of 
the input data configuration and the applied addi-
tional features on the discrimination performance 
of individual road surface materials.

After the training process was completed, the 
trained models were used to perform spatial pre-
diction on selected orthomosaic fragments stored 
in the GeoTIFF format. For each analysed area, 
input datasets corresponding to the configura-
tions used during model training were prepared. 
The data were normalized in the same manner as 
during the preparation of the training samples, 
using the 2nd and 98th percentile values calcu-
lated independently for each channel. Classifi-
cation was performed on a pixel-by-pixel basis, 
assigning each pixel to one of the twelve analysed 
classes. In the configurations incorporating spatial 
information, additional features were computed 
for each channel, including local mean, standard 
deviation, and local contrast calculated within 
a moving window of 5 × 5 pixels. For selected 
experimental variants, the feature set was further 
extended with edge information derived using the 
Sobel operator. The prediction results were saved 
as raster classification maps in GeoTIFF format 
while preserving georeferencing information, and 
as PNG visualizations. In addition, classifica-
tion overlays on RGB imagery were generated to 
facilitate the qualitative assessment of the spatial 
distribution of individual classes. To reduce clas-
sification noise, a post-processing procedure was 
applied, consisting of a 3 × 3 median filter, mor-
phological opening and closing operations, filling 
of small gaps, and removal of objects smaller than 
30 pixels [26, 52]. For each classification result, 
both the raw classification map and the post-pro-
cessed map were retained.

The complete workflow adopted in this study 
is presented in Figure 3.

RESULTS AND ANALYSIS

Comparison of classification models under 
different input data configurations

In the first stage of the analysis, the perfor-
mance of three ensemble learning algorithms: 
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Random Forest, XGBoost, and LightGBM, was 
compared using three input data configurations: 
RGB imagery, the seven-band multispectral data-
set (MS7), and the extended MS9 dataset, which 
additionally included the NDVI and NDRE indi-
ces. The results obtained for the individual mod-
els are summarized in Table 5. The lowest clas-
sification performance was observed for models 
utilizing only RGB data. OA values ranged from 
60.13% to 61.46%, while the Macro F1-score var-
ied between 56.62% and 58.03%. Similarly, the 
mIoU metric did not exceed 45.11%, indicating a 
limited ability to discriminate among road surface 
materials based solely on information contained 
within the visible spectrum. For this data configu-
ration, no clear superiority of any individual algo-
rithm was observed. The highest OA value was 
achieved by XGBoost (61.46%), whereas Ran-
dom Forest obtained the highest Macro F1-score 
and mIoU values (58.03% and 45.11%, respec-
tively). A substantial improvement in classifica-
tion performance was observed after incorporat-
ing multispectral data. For the MS7 dataset, OA 
values increased to approximately 74–75%, while 
the Macro F1-score exceeded 73% for all anal-
ysed algorithms. The best results within this group 
were achieved by LightGBM, which obtained an 
OA of 75.02%, a Macro F1-score of 75.05%, and 
an mIoU of 62.97%. A further increase in classifi-
cation accuracy was achieved after extending the 
dataset with the NDVI and NDRE indices. For the 
MS9 configuration, all models achieved OA val-
ues exceeding 79%, while mIoU surpassed 67%. 
Once again, the highest performance was obtained 

by LightGBM, for which OA reached 81.31%, the 
Macro F1-score was 81.49%, and mIoU attained 
70.73%. Very similar results were also achieved 
by XGBoost (OA = 80.93%, Macro F1-score 
= 81.08%, mIoU = 70.15%), whereas Random 
Forest exhibited slightly lower accuracy. A com-
parison of the results obtained for the individual 
algorithms indicates that the differences between 
models were relatively small within the same data 
configuration. In contrast, the type of input fea-
tures had a substantially greater influence on the 
final classification performance. The obtained 
results clearly demonstrate that extending RGB 
imagery with multispectral information and addi-
tional spectral indices significantly improved the 
ability of the models to discriminate among road 
surface materials. Considering all analysed data 
configurations and evaluation metrics, the highest 
classification performance was achieved by the 
LightGBM model using the MS9 dataset. These 
findings indicate that the combination of multi-
spectral information with additional vegetation 
indices provided the greatest class separability 
among the analysed road surface materials.

Influence of multispectral and vegetation-
index features on classification 
performance	

To assess the contribution of additional 
spectral information, changes in classification 
performance between successive input data con-
figurations were analysed. The comparison was 
based on the results obtained for RGB imagery, 

Figure 3. Workflow of the proposed pavement-material classification framework
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the seven-band multispectral dataset (MS7), 
and the extended MS9 dataset, which addition-
ally included the NDVI and NDRE indices. The 
analysis was performed using the OA and mIoU 
metrics for all investigated models. The incorpo-
ration of multispectral data resulted in a substan-
tial improvement in classification performance 
regardless of the algorithm used (Table 6). Tran-
sitioning from RGB imagery to the MS7 configu-
ration increased OA by 12.68 to 14.89 percent-
age points. An even greater improvement was 
observed for mIoU, which increased by 15.92 
to 19.02 percentage points. These results indi-
cate that the additional spectral bands provided 
valuable information for discriminating road sur-
face materials that was not available within the 
visible spectrum alone. Further enhancement of 
the dataset through the inclusion of NDVI and 
NDRE indices led to an additional increase in 
classification performance. For all models, OA 
improved by approximately 5.5–6.3 percentage 
points, while mIoU increased by 6.8–7.8 per-
centage points. This suggests that spectral indi-
ces constitute valuable complementary features 
to multispectral data, improving the separability 
of classes characterized by similar spectral prop-
erties. The largest overall performance gain was 
achieved by the LightGBM model. Compared 
with the RGB configuration, OA increased from 
60.13% to 81.31%, while mIoU improved from 

43.95% to 70.73%, corresponding to gains of 
21.18 and 26.78 percentage points, respectively. 
These findings confirm that the quality and rich-
ness of the input data had a greater impact on 
classification performance than the choice of a 
particular ensemble learning algorithm.

Influence of texture features and edge 
information on classification performance

In the second stage of the study, the impact of 
extending the feature set with spatial information 
describing local image structure was investigated. 
The analysis was conducted using the LightGBM 
model, which achieved the highest classifica-
tion performance in the first stage of the experi-
ments. For each image channel, three texture fea-
tures were calculated within a moving window 
of 5 × 5 pixels: local mean, standard deviation, 
and local contrast. In a subsequent experimental 
variant, the feature set was further extended with 
edge information derived using the Sobel opera-
tor. The incorporation of texture features resulted 
in a substantial improvement in classification 
performance across all analysed data configura-
tions (Table 7). The largest relative improvement 
was observed for the RGB dataset, where OA 
increased from 60.13% to 77.09%, while mIoU 
improved from 43.95% to 65.66%. This indicates 

Table 5. Classification performance of Random Forest, XGBoost and LightGBM models using different input data 
configurations

Model Dataset OA [%] Macro F1 [%] mIoU [m%]

Random Forest RGB 61.13 58.03 45.11

XGBoost RGB 61.46 57.58 44.86

LightGBM RGB 60.13 56.62 43.95

Random Forest MS7 73.81 73.42 61.03

XGBoost MS7 74.94 74.88 62.68

LightGBM MS7 75.02 75.05 62.97

Random Forest MS9 79.38 79.41 67.88

XGBoost MS9 80.93 81.08 70.15

LightGBM MS9 81.31 81.49 70.73

Table 6. Classification accuracy gain after input dataset expansion

Model ΔOA 
RGB → MS7 [%]

ΔOA 
MS7 → MS9 [%]

ΔmIoU 
RGB → MS7 [%]

ΔmIoU 
MS7 → MS9 [%]

Random Forest 12.68 5.57 15.92 6.85

XGBoost 13.48 5.99 17.82 7.47

LightGBM 14.89 6.29 19.02 7.76
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that texture features provided valuable informa-
tion about the local surface structure, partially 
compensating for the absence of additional spec-
tral bands. A similar pattern was observed for the 
multispectral datasets. For the MS7 configuration, 
the inclusion of texture features increased OA 
from 75.02% to 89.07% and mIoU from 62.97% 
to 82.02%. Even better results were achieved 
for the MS9 configuration, where OA increased 
from 81.31% to 93.30% and mIoU from 70.73% 
to 88.08%. This corresponds to improvements 
of approximately 12 and 17 percentage points, 
respectively, compared with the baseline model. 
The additional inclusion of edge information 
derived from the Sobel operator did not result 
in a meaningful improvement in classification 
performance. For the RGB and MS7 datasets, 
only minor changes in the analysed metrics were 
observed, not exceeding 1 percentage point. For 
the MS9 configuration, a slight decrease in clas-
sification performance was recorded. These find-
ings suggest that most of the useful spatial infor-
mation had already been captured by the texture 
features, while the additional use of image gra-
dients provided little further benefit. The highest 
performance among all evaluated configurations 
was achieved by the LightGBM model using the 
MS9 dataset enriched with texture features. This 
configuration attained an OA of 93.30%, a Macro 
F1-score of 93.61%, and an mIoU of 88.08%. The 
obtained results confirm that the combination of 
multispectral information, vegetation indices, and 
features describing local image structure provides 
the most effective data representation for road 
surface material classification.

The addition of texture features substantially 
improved the classification performance for all 
input configurations. In contrast, incorporating edge 
features derived using the Sobel operator did not 

provide any further improvement, indicating that 
texture descriptors alone were sufficient to capture 
the spatial characteristics of road surface materials.

Class-wise performance of the LightGBM 
model using MS9 and texture features

To complement the overall performance met-
rics presented in the previous sections, a class-
wise analysis was conducted for the best-per-
forming classification model, i.e. the LightGBM 
model trained using the MS9 dataset enriched 
with texture features. The evaluation included 
precision, recall, and F1-score calculated for each 
class, providing a more detailed assessment of the 
model’s ability to discriminate between individu-
al road surface materials and surrounding objects. 
The results are summarized in Table 8.

In addition to class-wise metrics, weighted 
average values are reported to account for the 
unequal distribution of samples among the ana-
lysed classes. Unlike the macro average, the 
weighted average assigns greater importance to 
classes represented by a larger number of pixels 
in the test dataset. The results presented in Table 
8 indicate consistently high classification perfor-
mance across all analysed classes. The highest F1 
values were obtained for “red road markings”, 
“red concrete block pavement”, “metal elements”, 
and “vegetation”, all exceeding 97%. In particu-
lar, the “red road markings” class achieved perfect 
precision, recall, and F1. Although this class was 
represented by a relatively smaller number of test 
samples, its distinctive spectral characteristics 
likely facilitated reliable discrimination from the 
remaining pavement materials and surrounding 
objects. The lowest F1 values were observed for 
“concrete curbs and edging elements” (83.59%) 
and “grey concrete block pavement” (85.35%), 

Table 7. Impact of texture features and edge features extracted using the Sobel operator on the classification 
performance of the LightGBM model

Dataset variant Number of features [-] OA [%] Macro F1 [%] mIoU [%]

RGB 3 60.13 56.62 43.95

RGB  + textures 12 77.09 76.99 65.66

RGB  + textures + Sobel 15 77.74 77.73 66.33

MS7 7 75.02 75.05 62.97

MS7  + textures 28 89.07 89.50 82.02

MS7  + textures + Sobel 35 89.09 89.63 82.20

MS9 9 81.31 81.49 70.73

MS9  + textures 36 93.30 93.61 88.08

MS9  + textures + Sobel 45 93.03 93.23 87.72
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indicating that these surface types were the most 
challenging to discriminate. This can be attrib-
uted to their greater spectral and textural simi-
larity to neighbouring pavement materials and 
surrounding surface classes. Nevertheless, all 
analysed classes achieved F1 values above 83%, 

confirming the robust discrimination capability of 
the proposed classification approach.

The corresponding confusion matrix is 
shown in Figure 4. Most samples were correctly 
assigned to their respective classes, as reflected 
by the dominant diagonal values. The remaining 

Table 8. Class-wise precision, recall, and F1 obtained for the LightGBM model trained using the MS9 dataset 
enriched with texture features

Class Precision [%] Recall [%] F1 [%]

1: Concrete pavement 92.25 93.60 92.92

2: Asphalt pavement 96.01 94.57 95.28

3: Grey concrete block pavement 89.45 81.60 85.35

4: Red concrete block pavement 98.83 98.26 98.55

5: Dark-grey concrete block pavement 89.03 98.19 93.39

6: Concrete curbs and edging elements 81.21 86.12 83.59

7: Stone block pavement 88.07 95.68 91.72

8: White road markings 97.77 94.67 96.20

9: Red road markings 100.00 100.00 100.00

10: Metal elements 96.30 99.29 97.77

11: Aggregate shoulders and unpaved surfaces 90.39 90.18 90.29

12: Vegetation 97.92 98.73 98.32

Macro average 93.10 94.24 93.61

Weighted average 93.37 93.30 93.29

Figure 4. Confusion matrix for the LightGBM model trained using the MS9 dataset enriched with texture 
features (numerical class labels correspond to the class definitions presented in Table 8)
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misclassifications mainly involved spectrally and 
texturally similar pavement materials and sur-
rounding surface classes, which is consistent with 
the lower F1 values reported in Table 8. Overall, 
the confusion patterns indicate that the proposed 
feature configuration provided reliable discrimi-
nation of the analysed road surface materials 
under varying field conditions.

Feature importance analysis

To further interpret the contribution of indi-
vidual input variables, feature importance was 
analysed for the LightGBM model trained using 
the MS9 dataset enriched with texture features. 
The ranking of the 15 most important predictors 
is presented in Figure 5. Feature importance val-
ues were obtained from the trained LightGBM 
model and should be interpreted as an indication 
of the relative contribution of individual variables 
to the tree-based decision process, rather than as 
a direct physical measure of material separability. 
The feature names used in Figure 5 refer to the 
original spectral and index-based variables and to 
texture descriptors calculated within a 5 × 5 pixel 
moving window. The prefix raw denotes original 
pixel values, whereas mean5, std5, and contrast5 
denote the local mean, standard deviation, and 
local contrast, respectively. The MS9 feature set 
included three RGB channels, four multispectral 
channels, and two spectral indices. In this nota-
tion, B1–B3 correspond to the RGB channels, 
B4–B7 correspond to the multispectral Green, 

Red, Red Edge, and NIR bands, while B8 and B9 
correspond to NDVI and NDRE, respectively.

The ranking shows that the most informative 
predictors were mainly texture-derived variables, 
particularly local mean and standard deviation 
values calculated for NDRE, NDVI, and NIR-
related features. This indicates that the model did 
not rely only on the absolute spectral response 
of individual pixels, but also used information 
describing the local spatial variability of spec-
tral and index-based values. Such information 
is particularly useful for road surface material 
classification, because many pavement materi-
als may have similar colour in RGB imagery but 
differ in local texture, roughness, ageing pattern, 
and spectral response outside the visible range. 
The high importance of features derived from 
NDVI and NDRE does not imply that these indi-
ces were used only for vegetation identification. 
In this study, the indices also acted as additional 
band-ratio descriptors that enhanced the separa-
tion between road surfaces, unpaved shoulders, 
vegetation, and adjacent objects. The presence of 
NIR- and Red Edge-related variables among the 
most important predictors confirms that spectral 
information beyond the visible range contributed 
substantially to the classification process. Over-
all, the feature importance analysis supports the 
quantitative results presented in Sections 4.2 and 
4.3, showing that the best classification perfor-
mance was obtained when spectral, index-based, 
and local texture information were combined.

Figure 5. Feature importance ranking for the LightGBM model trained using the MS9 dataset enriched with 
texture features. B1–B3 denote RGB bands, B4–B7 denote multispectral Green, Red, Red Edge and NIR bands, 

while B8 and B9 denote NDVI and NDRE, respectively
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Spatial assessment of classification results

In addition to the quantitative evaluation of 
model performance, a qualitative assessment of 
the spatial distribution of classification results 
was also conducted. For this purpose, predic-
tions were generated for selected orthomosaic 
fragments, and the resulting class maps were pro-
duced in raster format. Figure 6 presents the clas-
sification results for site C1 obtained using three 
ensemble learning algorithms (Random Forest, 
XGBoost, and LightGBM) and three input data 
configurations (RGB, MS7, and MS9).

The visual analysis confirms the observations 
derived from the accuracy metrics presented in 
the previous sections. For all analysed models, the 
use of RGB imagery alone resulted in a greater 
number of misclassified pixels and lower spatial 

homogeneity of the mapped classes. This effect 
was particularly evident for asphalt and concrete 
pavements exhibiting different levels of deteriora-
tion and surface wear. The incorporation of mul-
tispectral data (MS7) substantially improved the 
spatial consistency of the classification results and 
reduced the “salt-and-pepper” effect observed in 
the RGB-based classifications. Further extension 
of the dataset with the NDVI and NDRE indices 
(MS9) led to even better separation of individual 
classes and a reduction in the number of isolat-
ed misclassified pixels. This improvement was 
observed regardless of the classification algorithm 
employed, confirming the significant contribution 
of additional spectral information to the discrimi-
nation of road surface materials. The influence of 
texture features calculated within a moving win-
dow of 5 × 5 pixels is illustrated in Figure 7.

Figure 6. Comparison of pavement-material classification results obtained using Random Forest, XGBoost, and 
LightGBM models with RGB, MS7, and MS9 input datasets for the C1 study site
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For all analysed input data configurations, the 
incorporation of additional texture features led to a 
noticeable reduction in classification noise and an 
increase in the spatial homogeneity of the mapped 
classes. This effect was particularly evident over 
extensive areas of homogeneous pavement mate-
rials, where the number of isolated misclassified 
pixels was substantially reduced. The greatest 
improvement was observed for the multispectral 
datasets MS7 and MS9. The inclusion of informa-
tion describing the local image structure enabled a 
more accurate delineation of boundaries between 
neighbouring classes and reduced the occurrence 
of the “salt-and-pepper” effect commonly associ-
ated with pixel-based classification. This improve-
ment is particularly evident in parking areas and 
transportation corridors, where the addition of 
texture features resulted in more homogeneous 
and spatially coherent class regions. These quali-
tative observations are consistent with the quanti-
tative results presented in Table 7. The inclusion 
of texture features increased OA from 81.31% to 
93.30% for the MS9 configuration and improved 
mIoU from 70.73% to 88.08%, confirming the 
high utility of texture information for road surface 
material classification.

To assess the generalization capability of the 
proposed approach, classification was also per-
formed for the independent test site A3, which was 
not used during either model training or validation. 

The results obtained using the LightGBM model are 
presented in Figure 8. The analysed area includes 
asphalt pavement, unpaved shoulders, and vegeta-
tion, enabling the evaluation of classification per-
formance under heterogeneous land-cover condi-
tions. The visual analysis confirms the observations 
derived from the quantitative assessment. The con-
figuration based solely on RGB imagery exhibited 
a greater number of misclassified pixels, particular-
ly within transition zones between the road surface, 
roadside areas, and vegetation. The incorporation 
of multispectral data resulted in a clear improve-
ment in the spatial consistency of the classification 
and a reduction of the “salt-and-pepper” effect. The 
most coherent results were obtained for the MS9 
configuration enriched with texture features cal-
culated within a 5 × 5 pixel moving window. This 
variant provided the most accurate delineation of 
class boundaries and the lowest number of isolated 
classification errors. The obtained results indicate 
that the combination of multispectral information, 
NDVI and NDRE indices, and texture features 
enables the effective transfer of learned relation-
ships to previously unseen study areas. These find-
ings confirm the strong generalization capability of 
the LightGBM model and demonstrate the suitabil-
ity of the proposed methodology for road surface 
material classification based on UAV-acquired mul-
tispectral imagery.

Figure 7. Influence of texture features on pavement-material classification results obtained using the LightGBM 
model and different input data configurations (RGB, MS7, and MS9) for the CB1 study site
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DISCUSSION

The results obtained in this study confirm that 
UAV-acquired multispectral imagery substan-
tially improves road surface material classifica-
tion compared with conventional RGB imagery. 
The increase in accuracy after extending the RGB 
dataset to the MS7 and MS9 configurations indi-
cates that spectral information outside the vis-
ible range provides additional discriminatory 
information for pavement and surrounding sur-
face classes. In particular, the Red Edge and NIR 
bands, together with NDVI and NDRE, improved 
the separation of asphalt pavements, unpaved 
shoulders, vegetation, and adjacent infrastructure 
elements. This confirms that the role of spectral 
indices in this study was not limited to vegetation 
detection, but also involved enriching the feature 

space with band-ratio information useful for sep-
arating visually similar surfaces.

The obtained results complement recent 
studies on UAV-based road monitoring and 
AI-supported analysis of transportation infra-
structure [53, 54]. While previous works have 
demonstrated the usefulness of UAV imagery 
and camera-based AI methods for road condi-
tion assessment and object detection, the pres-
ent study extends this research direction towards 
road surface material classification. Its main con-
tribution is the quantitative evaluation of how 
multispectral bands, vegetation-index features, 
and texture descriptors affect classification accu-
racy. Among the analysed ensemble learning 
algorithms, LightGBM achieved the best overall 
performance. However, the differences between 
Random Forest, XGBoost, and LightGBM were 

Figure 8. Classification results obtained for the independent test site (A3), which was not used during model 
training or validation, using the LightGBM model with different feature configurations
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smaller than the improvements obtained by 
changing the input feature configuration. This 
indicates that, in the analysed dataset, the infor-
mation content of the input data had a stronger 
influence on classification performance than the 
choice of a particular tree-based ensemble algo-
rithm. The strongest improvement was obtained 
after adding texture descriptors calculated within 
a 5 × 5 pixel moving window. These features 
increased the spatial consistency of the classifi-
cation maps and reduced isolated misclassified 
pixels. The feature importance analysis further 
confirmed that local texture descriptors derived 
from NDVI, NDRE, NIR, and Red Edge-related 
variables were among the most informative pre-
dictors. This indicates that the model benefited 
from the combined use of spectral response and 
local spatial variability. In contrast, the addition-
al Sobel edge features did not improve the clas-
sification results, suggesting that the local mean, 
standard deviation, and contrast already captured 
most of the relevant spatial information for the 
analysed road surface classes. The results also 
provide partial evidence of robustness to local 
illumination disturbances. Although all UAV sur-
veys were conducted under generally favourable 
weather conditions, local shadows caused by trees 
and road infrastructure were present in the imag-
ery. This is particularly visible in the independent 
A3 test site, where shadowed areas occur within 
the road scene. The classification results indicate 
that the MS9 configuration enriched with texture 
features maintained coherent asphalt classifica-
tion even in areas affected by local shadowing. 
This suggests that the combination of multispec-
tral information and local texture descriptors can 
reduce the negative effect of local illumination 
variability. However, this observation should be 
interpreted cautiously. The dataset was acquired 
under generally comparable weather conditions, 
and therefore the proposed approach cannot yet 
be considered fully validated for strongly vari-
able illumination, wet pavement surfaces, over-
cast conditions, or different seasons.

A further issue concerns the comparison with 
deep learning semantic segmentation methods. 
Architectures such as U-Net and DeepLabV3+ 
are widely used in UAV image segmentation 
and can achieve high accuracy when large and 
diverse annotated datasets are available. In the 
present study, preliminary experiments with a 
U-Net architecture were conducted using the 
MS7 dataset. However, the model showed weak 

learning and poor generalization: despite train-
ing on 4178 image patches, the best validation 
mIoU reached only 9.62%. This result was far 
below the performance obtained using tree-based 
ensemble models and indicated that the avail-
able dataset was insufficient for effective train-
ing of a deep semantic segmentation network. 
The limited number of independent study sites, 
the relatively homogeneous acquisition condi-
tions, and the restricted variability of annotated 
scenes most likely prevented the U-Net model 
from learning robust spatial representations. For 
this reason, U-Net and DeepLabV3+ were not 
included in the main comparative experiment. 
Instead, the study focused on ensemble learning 
algorithms, which provided stable performance 
for the available dataset and allowed direct inter-
pretation of feature importance. This does not 
diminish the potential of deep learning methods 
for road surface material classification. Rather, 
the obtained U-Net results indicate that their 
effective application in this task requires a larger 
and more diverse annotated UAV dataset. Future 
research should therefore include multi-region 
and multi-season UAV acquisitions, more vari-
able illumination and surface moisture condi-
tions, and a broader comparison with deep learn-
ing segmentation architectures, including U-Net, 
DeepLabV3+, and transformer-based models. 
Such an extended dataset would make it pos-
sible to evaluate whether deep learning models 
can outperform feature-based ensemble methods 
when sufficient training data are available.

Several limitations of the study should be 
acknowledged. First, the dataset consisted of 
six study sites located within one geographical 
region and acquired during a single vegetation 
season. Although the use of an independent test 
site allowed the assessment of model transferabil-
ity to an unseen road section, further validation 
on datasets acquired in other regions, seasons, 
and illumination conditions is needed. Second, 
all UAV surveys were conducted under generally 
favourable weather conditions, although local 
shadows caused by vegetation and road infra-
structure were present. Therefore, the robust-
ness of the proposed approach under stronger 
illumination variability, image noise, wet pave-
ment conditions, and seasonal changes should 
be further investigated. Third, the reference data 
were prepared by manual polygon digitization, 
which ensured high label quality but also limited 
the scale of the annotated dataset. Future studies 
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should therefore include larger multi-site datas-
ets, additional road material classes, and a direct 
comparison between ensemble learning and deep 
learning segmentation approaches under compa-
rable training conditions.

CONCLUSIONS

This study evaluated the usefulness of UAV-
acquired RGB and multispectral imagery for road 
surface material classification using ensemble 
machine learning algorithms. The results demon-
strated that extending RGB imagery with multi-
spectral bands, spectral indices, and local texture 
descriptors substantially improves classification 
performance. The best result was obtained for the 
LightGBM model trained using the MS9 dataset 
enriched with texture features, which achieved 
an Overall Accuracy of 93.30%, a Macro F1 of 
93.61%, and an mIoU of 88.08%. The findings 
confirm that the integration of spectral and spatial 
information provides an effective feature repre-
sentation for UAV-based pavement material clas-
sification. The main findings of the study can be 
summarized as follows:

Multispectral imagery improved the classifi-
cation of road surface materials compared with 
RGB data alone, confirming the importance of 
spectral information beyond the visible range.

The use of NDVI and NDRE indices enhanced 
the separability of pavement surfaces and adja-
cent land-cover classes, showing that index-
based features can provide useful complementary 
information.

Texture features calculated within a local 
moving window had the strongest positive effect 
on classification performance, improving both 
accuracy and the spatial consistency of the clas-
sification maps.

Among the tested ensemble learning algo-
rithms, LightGBM provided the most accurate 
results, although the improvement related to input 
feature configuration was more pronounced than 
the differences between classifiers.

The proposed feature-based approach 
achieved accuracy above 90% on an independent 
road section, indicating its potential for practi-
cal UAV-based pavement material classification; 
however, further validation is required for other 
regions, seasons, illumination conditions, and 
pavement surface states.
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