
Optim
ization, Learning Algorithm

s  
and Applications

Pereira et al. (Eds.)

Ana I. Pereira · Florbela P. Fernandes ·  
João P. Coelho · João P. Teixeira ·  
José Lima · Maria F. Pacheco ·  
Luca Oneto · Rui P. Lopes (Eds.)

5th International Conference, OL2A 2025 
Sesti Levante, Italy, April 28–30, 2025 
Proceedings, Part I

Optimization,  
Learning Algorithms  
and Applications

Communications in Computer and Information Science 2617



Ana I. Pereira · Florbela P. Fernandes · 
João P. Coelho · João P. Teixeira · José Lima · 
Maria F. Pacheco · Luca Oneto · Rui P. Lopes 
Editors 

Optimization, Learning 
Algorithms and Applications 
5th International Conference, OL2A 2025 
Sesti Levante, Italy, April 28–30, 2025 
Proceedings, Part I



Editors 
Ana I. Pereira 
Instituto Politécnico de Bragança 
Bragança, Portugal 

João P. Coelho 
Instituto Politécnico de Bragança 
Bragança, Portugal 

José Lima 
Instituto Politécnico de Bragança 
Bragança, Portugal 

Luca Oneto 
University of Genoa 
Genoa, Italy 

Florbela P. Fernandes 
Instituto Politécnico de Bragança 
Bragança, Portugal 

João P. Teixeira 
Instituto Politécnico de Bragança 
Bragança, Portugal 

Maria F. Pacheco 
Instituto Politécnico de Bragança 
Bragança, Portugal 

Rui P. Lopes 
Instituto Politécnico de Bragança 
Bragança, Portugal 

ISSN 1865-0929 ISSN 1865-0937 (electronic) 
Communications in Computer and Information Science 
ISBN 978-3-032-00136-8 ISBN 978-3-032-00137-5 (eBook) 
https://doi.org/10.1007/978-3-032-00137-5 

© The Editor(s) (if applicable) and The Author(s), under exclusive license 
to Springer Nature Switzerland AG 2026 

This work is subject to copyright. All rights are solely and exclusively licensed by the Publisher, whether 
the whole or part of the material is concerned, specifically the rights of translation, reprinting, reuse of 
illustrations, recitation, broadcasting, reproduction on microfilms or in any other physical way, and transmission 
or information storage and retrieval, electronic adaptation, computer software, or by similar or dissimilar 
methodology now known or hereafter developed. 
The use of general descriptive names, registered names, trademarks, service marks, etc. in this publication 
does not imply, even in the absence of a specific statement, that such names are exempt from the relevant 
protective laws and regulations and therefore free for general use. 
The publisher, the authors and the editors are safe to assume that the advice and information in this book 
are believed to be true and accurate at the date of publication. Neither the publisher nor the authors or the 
editors give a warranty, expressed or implied, with respect to the material contained herein or for any errors 
or omissions that may have been made. The publisher remains neutral with regard to jurisdictional claims in 
published maps and institutional affiliations. 

This Springer imprint is published by the registered company Springer Nature Switzerland AG 
The registered company address is: Gewerbestrasse 11, 6330 Cham, Switzerland 

If disposing of this product, please recycle the paper.

https://orcid.org/0000-0003-3803-2043
https://orcid.org/0000-0002-7616-1383
https://orcid.org/0000-0001-7902-1207
https://orcid.org/0000-0002-8445-395X
https://orcid.org/0000-0001-9542-4460
https://orcid.org/0000-0002-6679-5702
https://orcid.org/0000-0001-7915-0391
https://orcid.org/0000-0002-9170-5078
https://doi.org/10.1007/978-3-032-00137-5


Preface 

The volumes CCIS 2617 and 2618 contain the refereed proceedings of the V International 
Conference on Optimization, Learning Algorithms and Applications (OL2A 2025), a 
hybrid event held on April 28–30. 

OL2A provided a space for the research community on optimization and learning 
to get together and share the latest developments, trends and techniques as well as 
develop new paths and collaborations. OL2A had the participation of more than two 
hundred participants in an online and face-to-face environment throughout three days, 
discussing topics associated with areas such as optimization and learning and state-of-
the-art applications related to multi-objective optimization, optimization for machine 
learning, robotics, health informatics, data analysis, optimization and learning under 
uncertainty and the 4th industrial revolution. 

Four special sessions were organized under the topics Artificial Intelligence in 
Healthcare and Medicine, Optimization in the SDG Context, Optimization in Control 
Systems Design, and Machine Learning and Artificial Intelligence in Robotics. The event 
had 38 accepted papers. All papers were carefully reviewed and selected from the 92 
received submissions, with each paper receiving three double-blind reviews on average. 
All the reviews were carefully carried out by a scientific committee of 115 researchers 
from twenty-one countries. 
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Abstract. Many strategies have been developed to monitor the volume 
of volume of Above Ground Biomass (AGB) in forest areas as a fun-
damental step for managing carbon concentration. This study explores 
the use of use of Light Detection and Ranging (LiDAR) data obtained 
through Unmanned Aerial Vehicles (UAVs) to estimate height values 
in a vegetation colony composed of oaks (Quercus pyrenaica Willd.) in 
northern Portugal. The extraction of pertinent information from LiDAR 
data was facilitated by using the LAStools extension within the Quan-
tum Geographic Information System (QGIS) software framework. The 
generated raster and image information were used to calculate the height 
values of the vegetation. Following this extraction, the information was 
meticulously organized into datasets, which were then employed in Deep 
Learning (DL) algorithms. The VGG16 model was selected as the under-
lying framework for the present study. Height predictions were made 
using dimensions of 16× 16, 32× 32, and 64 × 64 pixels for the Red, 
Green and Blue (RGB) images. The data was estimated and compared 
using both the standard format of the VGG16 model and a superficially 
adapted version of its convolution layers. The algorithm’s efficacy was 
validated by comparing the forecast results with the data obtained from 
QGIS, which revealed minimal discrepancies. It was observed that using 
64× 64 pixel scale images yielded enhanced accuracy, resulting in reduced 
values for the Mean Absolute Error (MAE). The study demonstrates the 
viability of applying DL techniques to accurately capture information 
about a forest area using RGB images. 

Keywords: Deep Learning · LiDAR · QGIS · RGB Images · VGG16 
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1 Introduction 

Human activity is one of the main causes of climate change and global warming 
[ 23]. The emission of gases that contribute to the worsening of the greenhouse 
effect, such as carbon dioxide, can be attributed to burning fossil fuels, defor-
estation, and intensified urban sprawl [ 17]. One of the solutions to mitigate 
the proportions of such occupations can be seen in the development of ecologi-
cal plans, such as European Green Deal (EGD). The political strategy aims to 
monitor and regulate the carbon emissions applied to each country belonging 
to the European Union, promoting a short transition to a sustainable economy 
[ 11]. Therefore, sustainable agricultural practices such as regenerative agricul-
ture and the preservation of plant regions are encouraged by EGD, with the aim 
of normalizing emission rates. 

The needs for uninterrupted observation of plant areas has resulted in the 
employment of technological resources [ 13]. Among these resources, satellites 
are an advantageous option in terms of cost-benefit ratio, allowing one to obtain 
information by taking images over large areas. However, due to their low spatial 
resolution and cloud cover, this device often becomes inconsistent when seeking 
a more precise extraction of information. To overcome this data inconsistency, 
using Unmanned Aerial Vehicle (UAV) is becoming increasingly promising for 
collecting data with greater precision, considering scans of small areas. With 
more refined precision, it is possible to use a UAV to carry out a more specific 
study of a vegetation area, as is the case for surveying a forest inventory [ 16]. 
The precise analysis of a forest inventory can result in valuable information, such 
as the volume of Above Ground Biomass (AGB) and, consequently, the amount 
of carbon concentrated in the region. 

To estimate the AGB in a plant population, it is important that its dendro-
metric data, such as total height and Diameter at Breast Height (DBH), are accu-
rately extracted. The variety of information provided using sensor Light Detec-
tion and Ranging (LiDAR) data makes this tool ideal for estimating AGB from 
forest inventories. UAV-based LiDAR technology offers high versatility regarding 
flight paths and information collection [ 9]. It is possible to obtain a more accu-
rate point cloud as the scanner gets closer to the reflection points [ 18]. Although 
an ideal option, this technology can be limited by the forest’s density and the 
region’s topography. It is, therefore, recommended that a scan be made above 
the canopy and briefly manipulated to obtain satisfactory results. 

The high vertical accuracy of LiDAR allows the scan information to be stored 
as Digital Elevation Models (DEMs), providing a point cloud with the elevation 
value for each pixel. The main vegetation height analysis procedure is subtracting 
Digital Terrain Model (DTM) from Digital Surface Model (DSM). In this way, 
obtaining the vegetation height values at each point is possible, ignoring the 
topographic elevation. In addition, each point is stored with Red, Green and Blue 
(RGB) information, making it possible to display the point cloud in raster format 
[ 9]. However, the canopy cover in the scan area can make data collection difficult. 
There are some alternatives to get around this challenge, such as categorizing, 
filtering, and interpolating a point cloud [ 16]. The software Quantum Geographic
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Information System (QGIS) is an ideal tool when working with point clouds 
containing georeferenced information [ 15]. The LAStools extension offers various 
options for processing LiDAR data, making it possible to analyze information 
represented by point clouds. 

After processing LiDAR data, the diversity of information stored makes it 
possible to estimate the height of plant regions and sub-regions before resulting 
in an AGB value in the same location [ 14]. The use of Convolutional Neural 
Networks (CNNs), specifically DL algorithms, has been increasingly initiated 
in the field of science and technology [ 4]. With numerous advantages, such as 
high learning capacity and adaptation to data distribution, the application of 
DL is essential when seeking to estimate AGB through LiDAR data [ 28]. The 
study region’s real data, collected in situ, was presented to evaluate the results 
obtained by DL [ 3]. 

However, this study aims to estimate the average total height of a plant 
colony, which is essential information for conducting a forest inventory. The 
data was collected using a UAV-based LiDAR and briefly processed using the 
LAStools extension of the QGIS software. With the information extracted from 
the LiDAR data, vegetation heights were estimated with DL algorithms using 
RGB images. Following the training phase of the algorithm, it is anticipated that 
RGB images obtained by means other than LiDAR, such as camera images, will 
become a viable option. Based on the analysis of the prediction results, a plan 
for future work and adaptations is presented, showing possible improvements 
and dissemination of the approach. 

The study presented in this paper is divided into six sections. Section 2 
describes the study region and the methodology and analysis of the data 
obtained; Sect. 3 presents the results of the data analysis; Sect. 4 develops a 
detailed analysis of the results obtained and identifies opportunities for future 
studies; Sect. 5 presents the conclusion of the results; and Sect. 6 highlights points 
for improvement and future steps in this study. 

2 Materials and Methods 

This section presents the stages and methods used in this study. First, the 
research area is presented, detailing each data format analyzed and their respec-
tive datasets. The section describes the algorithmic model used and the analysis 
metrics used to examine the results. 

2.1 Study Environment 

The study was carried out in the locality of Zeive 41◦5 29.5 N 6◦53 39.4 W , 
a region belonging to the municipality of Bragança, in northeastern Portugal. 
The region’s climate is classified as Csb (temperate with dry and mild sum-
mers), with an altitude of about 900m above sea level [ 2]. The study area covers 
about 35000m2, with vegetation consisting mainly of oak trees, especially Quer-
cus pyrenaica [ 10]. Being a deciduous species, it shows significant variation in its
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concentration and leaf color throughout the seasons, with a marked decrease in 
the fall. Furthermore, the specie demonstrates optimal growth during the spring 
and summer seasons [ 27]. However, these seasons are slightly delayed in consid-
eration of the region’s altitude [ 20]. Consequently, in Zeive, the species’ effective 
growing season is approximated from June to October. 

2.2 Field Data 

Four sub-regions were delimited to extract dendrometric data from the vegeta-
tion, arbitrarily named CB1, CB2, CAc1, and CAc2 (Fig. 1). Each plot covers 
an area of about 800m2, and the forest inventory data was collected using the 
Draudt method [ 19]. As such, plant information was not recorded in its entirety. 
All trees’ data relating to DBH was recorded, while trees classified as dom-
inant or sample had their information recorded in full. DBHs measurements 
were obtained using a 50cm Haglöf Sweden probe. Height measurements were 
collected using a Vertéx IV [ 8] hypsometer. All information was collected in 
January 2024. 

Fig. 1. Highlighting the four study sub-regions and their approximate boundaries in 
the RGB raster displayed by the QGIS software. 

It is important to note that despite the lack of demarcated data for com-
mon trees (not classified as dominant or sample), the necessary information was 
obtained for subsequent application in hypsometric equations. Their total height 
values were estimated based on specific coefficients for the species [ 26]. The hyp-
sometric equation presented in Equation (1) was  used.
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h = 
d 

β0 + β1d 
, (1) 

where h is the total height, d the DBH, β0 the coefficient of 0.8073, and  β1 of 
0.0573 for oaks [ 25]. 

Then, the average total heights were calculated for each sub-region using 
actual (dominant trees or sample) and estimated total height data. The values for 
each sub-region are shown in Table 1, as well as the global average and standard 
deviation (SD). 

Table 1. Average total height values obtained between measured and estimated data 
for the total height of trees in each sub-region 

Sub-Region Average Total Height (m) Global Average (m) SD (m) 
CB1 11.0035 10.8141 0.1442 
CB2 10.7357 
CAc1 10.6742 
CAc2 10.8429 

In the course of this study, the mean values were accompanied by the cal-
culation of the standard deviation, thus demonstrating the variability within a 
given set of values. Following the calculation, it was established that 95% of the 
samples used for the calculation did not deviate significantly from the SD value 
[ 1]. The formula for calculating the SD is given in Equation (2): 

SD = 
n 
i=1(x − xi)2 

n − 1 , (2) 

where i is the value index, n is the number of samples, x is the average of the 
sample values, and xi is the sample value referenced by the index [ 12]. 

2.3 LiDAR Data Processing by QGIS 

The region was scanned using the Zenmuse L1 LiDAR sensor [ 6] carried by a DJI 
Matrice 300 RTK UAV (Fig. 2) [  5]. Global navigation satellite system real-time 
kinematic (GNSS RTK) technology gives the Matrice 300 RTK centimeter-level 
accuracy to the ground during flight. Inertial measurement units (IMUs) are also 
used to provide accurate direct georeferencing of the aircraft [ 7]. The flight plan 
was created using DJI Pilot v2.5.1.10 software in May 2024, after which the data 
was applied to DJI Terra v4.0.10 to generate the point cloud in .las format. Once 
the data had been collected, QGIS v3.34.11 processed the LiDAR data. 

LiDAR data is stored in the ".las" format, which consists of a georeferenced 
point cloud. Extracting this format allows the analysis of individual information, 
such as Tagged Image File Formats (TIFFs) data, which, in this case, defines the
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Fig. 2. The UAV-based LiDAR set employed to collect LiDAR data from the study 
site. 

vertical distances (elevation) of each pixel obtained by scanning. To process the 
LiDARs data, tools provided by the LAStools extension to the QGIS software 
were used. DEMs were generated to obtain the forest height in the region. To do 
this, the elevation information was filtered through the first lidar return, forming 
the study area’s Digital Terrain Model (DTM), as shown in Fig. 3a. Subsequently, 
the last return was used as a filter to obtain the Digital Surface Model (DSM) 
shown in Fig.  3b. Subtraction of the two layers produced a Height Model (CHM), 
which contains the vegetation height in each scan pixel. For a brief treatment 
of the data, a reclassification of the data was carried out, removing the negative 
data present in the CHM (Fig. 3c). 

Similarly, in this case, the TIFF format displays height information, while the 
RGB data displays the color of each pixel stored by the LiDAR. When displayed 
as a raster, the set of RGB information can resemble an image (Fig. 3d) and can 
be treated as such. Given the four sub-regions (CB1, CB2, CAc1, and CAc2) 
delineated for field data collection, the same extensions were delineated in the 
RGB representation of this study, as shown in Fig. 1. The process was aided 
by georeferencing the LiDAR data. The images in RGB were then divided into 
16× 16, 32 × 32, and 64× 64 pixel dimensions using Python. Furthermore, a 
larger data set was created, which favors the use of RGB images as input data 
for DL algorithms. 

Splitting the RGB images of each sub-region resulted in a larger volume of 
data, which favored the subsequent use of the split images as input data for DL 
algorithms. However, the RGB color scale images require a value to relate them 
to the search variable, in this case, vegetation height. To do this, we used the 
information from the TIFF file in each pixel provided by the previously generated 
CHM raster. For each RGB image, an average height value was assigned based 
on the elevation values of each pixel within the extent of the image itself. It is 
important to note that during data manipulation in the QGIS software, some
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(a) (b) 

(c) (d) 

Fig. 3. Extraction of TIFF and RGB information in the QGIS software using the tools 
provided by the LAStools extension: (a) DTM; (b) DSM; (c) reclassified CHM; (d) 
raster RGB. 

watermarks overlapped some extensions of the study sub-regions. As a solution, 
all images with imperfections were removed from the dataset, 48 images in total. 

Finally, the useful data were saved as ".csv" files, represented by a "filename" 
column, which identifies the divided RGB image, and a second "height" column, 
which refers to the average between the TIFF values of the pixels delimited by 
their respective image. A total of fifteen datasets were obtained. The number of 
labels stored in each dataset is shown in Table 2. 

Table 2. Number of labels in each dataset 

Dataset CB1 CB2 CAc1 CAc2 Mixed Total 
16× 16 289 279 286 289 1143 1453 
32× 32 64 59 63 64 250 
64× 64 16 13 15 16 60 

The elevation data obtained from LiDAR scans and processed in QGIS soft-
ware provides a detailed estimate of the average elevation of the terrain. How-
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ever, a significant discrepancy was observed when these values were validated 
with data collected directly in the field. For the same area, the manual measure-
ments indicated average heights of around 10 m, while the data derived from 
LiDAR showed significantly lower average values of around 5 m. 

Analysing into the possible causes of this discrepancy revealed that the lowest 
values, below 1 m, disproportionately influenced calculating the average height. 
These values, which often represent undergrowth or shrubs, are methodologically 
different from field measurements, which only include large trees and ignore 
shrubs. The discrepancy between the data collection approaches compromised 
the direct comparability between the two data sets. 

To mitigate this problem and to prepare the data to the methodology used 
in the field, a filter was implemented that ignored (assigned null values, NaN) 
all observations with heights below 1.3m. The height of 1.3m is justified as a 
minimum threshold for characterizing large trees in forest or agricultural areas 
[ 21]. The value of 1.3m is widely used in dendrometric studies and corresponds 
to the standard height for measuring DBH, a metric often adopted for forest 
inventories analysis [ 24]. This criterion reflects the exclusion of undergrowth 
and shrubs and brings the LiDAR data into line with the range of manual field 
measurements. 

After applying the filter, the average height values derived from the LiDAR 
data were much closer to the field measurements. The discrepancy between the 
values was significantly reduced, increasing the reliability of the LiDAR data for 
training the deep learning model. As shown in Table 3, this adjustment resulted 
in a significant improvement in the average heights read by the LiDAR (consid-
ering the four sub-regions for each pixel dimension) and the average calculated 
in the field. 

Table 3. Comparison of values obtained from LiDAR data processed in QGIS (without 
filtering and validating only values above 1.3m) with field data 

Dataset Average Total Height (m) SD (m) 
QGIS 16× 16 5.2074 5.1038 (no filtering) 0.1409 

32× 32 5.1607 
64× 64 4.9433 
16× 16 7.8503 7.8859 (above 1.3 filtering) 0.0652 
32× 32 7.9611 
64× 64 7.8463 

Field Data CB1 11.0035 10.8351 (Draudt method) 0.1442 
CB2 10.7357 
CAc1 10.6742 
CAc2 10.9268
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The filtering stage was crucial in ensuring that the data used in the study 
more accurately reflected the real characteristics of the area in question, pro-
viding a solid basis for estimating heights using a DL model. Furthermore, this 
approach highlights the need to consider methodological differences when inte-
grating data sources in scientific studies. 

2.4 Deep Learning Models Configuration 

To estimate tree heights from RGB images (organized into labels, Table 2) cap-
tured by UAV, we chose to use a DL model based on Convolutional Neural 
Networks (CNNs). CNNs are a class of neural networks specifically designed for 
image analysis that exploit the spatial hierarchy of visual data to extract rele-
vant features. These models have demonstrated high performance in computer 
vision tasks due to their ability to learn complex spatial patterns automatically. 

Among the several models available, we choose VGG16, an architecture intro-
duced by Simonyan and Zisserman in 2014 as part of the ImageNet Large Scale 
Visual Recognition Challenge (ILSVRC) competition [ 22]. VGG16 consists of 16 
trainable layers organized in convolution blocks, followed by pooling and fully 
connected layers. Its main advantage lies in its structural simplicity, with small 
convolutional filters (3× 3), which makes it efficient in extracting features with-
out compromising the depth of the model [ 22]. Furthermore, its widespread use 
in the literature and its proven robustness make it a suitable choice for computer 
vision applications. 

However, due to the limitations imposed by the minimum size of images 
processed by this network (typically 224× 224 pixels), it was necessary to modify 
the architecture to work with 16× 16 pixel images while retaining the essence of 
the VGG16 convolutional approach. 

To enable the analysis of 16× 16 pixel images, a reduced version of VGG16 
was developed. The modified model retains the basic structure of convolution 
and pooling but presents a reduction in the number of layers to adapt to the 
limitations imposed by the size of the image. The modified version of the model 
can be seen in Fig. 4. 

Fig. 4. Architecture of the modified VGG16 model, adapted for 16× 16 pixel images. 
The structure retains the core convolutional and pooling layers, with fewer layers 
accommodating the lower image resolution.
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The model starts with convolutional layers that extract features, followed 
by dense layers that perform regression. In contrast to the original version of 
VGG16, it was necessary to reduce the convolutional layers and simplify the 
architecture to cope with the lower resolution of the images. ReLU activation was 
used in all hidden layers to ensure non-linearity and better gradient propagation. 
The Adam algorithm optimized the model due to its convergence efficiency and 
stability in minimizing the loss function, which is Mean Square Error (MSE). 

MAE metric was used as an additional reference to assess the quality of 
the predictions, providing a more intuitive interpretation of the average error 
between the estimated heights and the QGIS values organized into labels. The 
formula for calculating the MAE is given in Eq. 3: 

MAE  = 
1 
n 

n 

j=1 

|yj − yj | , (3) 

where j is the sample index, yj is the observed value referenced by the index, 
and yj is the estimated value. 

This metric makes monitoring and analyzing the algorithm’s performance 
easier. The trained model was then evaluated on the test set to verify its gener-
alization ability. The results are discussed in the next section. 

3 Results 

The average results recorded by QGIS and estimated by DL and MAE for each 
dataset are shown in Table 4. 

Table 4. Average results obtained by applying the VGG16 model, both in standard 
and modified format, as well as the average QGIS and MAE values obtained for each 
dataset 

Model Image Dimension (px) QGIS (m) Deep Learning (m) MAE 
VGG16 (modified) 16× 16 7.8503 7.8113 1.3592 

32× 32 7.9611 7.9183 1.1619 
64× 64 7.8463 7.9986 0.9364 

VGG16 (standard) 32× 32 7.9611 7.6683 1.0469 
64× 64 7.8463 8.0469 0.7938 

It can be seen that the MAE values are lower for datasets with larger RGB 
images. The best results were obtained using the VGG16 model in its default con-
figuration, specifically considering using RBG images with dimensions of 64× 64 
pixels, resulting in an average MAE value of 0.7938. The worst result, 1.3592, 
was recorded using 16× 16 pixel RGB images in the adapted VGG16 model. 
This suggests that the accuracy of a dataset is proportional to the size of its 
images.
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In parallel, the standard model of the VGG16 algorithm showed better results 
compared to the adapted model. The standard format showed values of 1.0469 
and 0.7938, while the adapted model reached values of 1.1619 and 0.9364 for 
32× 32 and 64× 64 pixel images, respectively. Thus, the standard VGG16 algo-
rithm provides greater accuracy for the estimated data, especially when using 
64 × 64 pixel RGB images. 

4 Discussion 

It should be noted that the UAV scans were carried out during the period of 
dense canopy and, since this is a deciduous species (Quercus pyrenaica Willd.), 
the season of the year directly interferes with the visuals obtained from the 
RGB images extracted from the LiDAR data. This scenario delineates a set of 
variables as a potential source of interference in the performance of the trained 
algorithm, given that the input data are RGB images. However, it is advisable 
to repeat the procedure for a season characterized by leaf fall and color change, 
which was not considered in this first study. 

An evaluation threshold has been applied, taking into account only the points 
recorded above 1.3m (using the DBH parameter), in order to reduce the discrep-
ancy between the height averages obtained by DL and those measured in the 
field. In any case, there is a need for a parameterization that relates the total 
height data from the field to the average height data from the DL forecast. 

The use of images in RGB format, with proportions of 64× 64 pixels, resulted 
in lower values of MAE, with values of 0.9364 and 0.7938 for the adapted and 
standard formats of the VGG16 algorithm, respectively. These results suggest 
that the results obtained from 64× 64 pixel images are more reliable than the 
others. The algorithm generally accurately estimated the average total height 
from reduced dimension RGB images based on heights extracted from lidar data. 
This can be seen by analyzing that the global average for MAE values is around 
1.0, indicating a deviation of about 1 m for the average total height. 

For experimental purposes, applying the algorithm to 1× 1 pixel dimensions 
of RGB images was briefly analyzed and did not produce favorable results. This 
result can be explained by the fact that the model did not identify patterns 
between the features presented by the images in question. Therefore, the study 
of images with a single-pixel aspect ratio was not included in the data validation 
stages and was only carried out to learn about the model used. 

5 Conclusion 

This study presents an approach for estimating the average total height in a for-
est colony using RGB images. In fact, several studies related to forest repository 
consider the use of technologies that facilitate the procedure, such as the use 
of UAVs and LiDAR data, which are widely discussed and well regarded in this 
scenario. Each procedure already developed has its own peculiarities, whether in 
terms of the methods adopted, their complexity, or their similarity. The tactic
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described in this paper represents a simplified but efficient solution for obtaining 
average height values in a forest colony. 

The data processed for analysis was obtained by scanning with a UAV-based 
LiDAR over the height of the canopy. QGIS software was used to process and 
extract relevant information from the LiDAR data, extracting image and height 
information, which was then organized into labels. It is important to note that 
field data recorded on the same plot was also analyzed for a quick compari-
son of the manipulated data. An insignificant discrepancy with the field data 
was observed when all TIFF information was considered to determine average 
heights. Thus, only TIFF values greater than 1.3 were validated, reducing the 
initial difference between the field data and QGIS. After the appropriate manip-
ulation, fifteen datasets containing an average height value for each RGB image 
of the study site were generated. 

After processing, the data was sent to the VGG16 algorithm to make predic-
tions of average total heights. As the 16 × 16 pixel image size would not be com-
patible with VGG16’s native configuration, its convolutional layers were slightly 
modified. The results were thus obtained in two stages: (a) using the adapted 
VGG16 model for three image dimensions (16× 16, 32× 32, and 64× 64) and 
(b) using the algorithm’s standard format for 32× 32 and 64× 64 pixel images. 
To analyze the data estimated by DL, based on the information extracted by the 
QGIS software, the MAE metric was applied. In its generalization, the research 
obtained results of considerable precision, showing discrepancies of about 1 m 
between the QGIS data and those estimated by DL. The best result was obtained 
using 64× 64 pixel images in the standard VGG16 format, achieving 0.7938 for 
MAE. The worst result was obtained when processing 16× 16 pixel images using 
the adapted format, reaching 1.3592. Despite the convergence between QGIS val-
ues and those estimated by DL, both showed a slight deviation when compared 
to real values measured in the field. 

6 Future Works 

The work was carried out on a limited set of variables to obtain an initial valida-
tion. By reducing the margins of error and complexity, this restriction certainly 
favors the satisfactory accuracy obtained. The results estimated by DL showed 
great consistency compared to the values obtained in QGIS from LiDAR data. 
However, they showed a significant difference when compared directly with the 
values obtained on the ground. This is a promising avenue that merits further 
exploration to advance the study. 

This initial study raises the possibility of applying the described procedure 
in different circumstances. A more comprehensive method, considering different 
factors, is expected to be evaluated for different tree species, seasons, and pos-
sibly algorithmic models. With a more complete and parameterized model, it 
will be possible to develop weightings for estimating the volume of AGB. This 
will provide more concrete guidance on the feasibility of applying the method 
to carbon prediction using RGB images, the ultimate motivation for developing 
this work.
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