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A B S T R A C T   

Sandy beaches are subject to changes due to multiple factors, that are both natural (e.g. storms) and anthro
pogenic. Great efforts are being made to monitor these ecosystems and understand their dynamics in order to 
assure their conservation. The identification of anthropogenic changes and its differentiation from natural ones is 
an important task for coastal monitoring. In this study, we present a methodology for the detection of anthro
pogenic changes in a coastal ecosystem by automatically detecting active bulldozers in continuous beach video 
data. PCA is used to highlight changes in consecutive images due to moving objects. Next, the YOLO object 
detection algorithm is used to identify the bulldozers in the change images. YOLO was specifically trained for the 
task, obtaining a precision of 0.94 and a recall of 0.81. An automatic tool was developed, and the process was 
carried out on two months of video data, consisting of approximately 19 000 images. The resulting information 
was compared with changes derived from 3D data obtained from a permanent laser scanner. The correlation 
among the results of the two methodologies was computed. For a validation area and daily time frame a cor
relation of 0.88 was obtained between the number of detected bulldozers and the area affected by changes in 
height larger than 0.3 m.   

1. Introduction 

Coastal dunes and sandy beaches are ecosystems subject to constant 
change due to erosion and accretion of sand. Climate change and rise of 
sea level, in combination with human intervention, are factors that 
greatly impact these ecosystems (Paprotny et al., 2021; Stronkhorst 
et al., 2018). The accurate and continuous monitoring of these areas is 
required as it is vital for the development of sustainable strategies for 
their conservation. 

Coastal erosion and accretion are greatly affected by factors such as 
sea level rise, increase in frequency and strength of storms, land subsi
dence or changes in river sediment, mostly as a consequence of dam 
construction (Mentaschi et al., 2018; Stronkhorst et al., 2018). Beach 
areas are also affected by anthropogenic processes that involve direct 
movement of sand. These direct anthropogenic changes include beach 
nourishments, grooming, recreational use or the use of off-road vehicles 
(Defeo et al., 2009). Beach nourishing has become a common practice in 
many locations (De Schipper et al., 2021). During this process, large 
quantities of sand are added to the beach to elevate it and increase its 

size (Peterson and Bishop, 2005), and the process must be repeated 
periodically as it does not prevent from future erosion (Landry, 2011) 
Beach grooming is common in recreational areas and involves important 
sand movements that greatly affect the natural environment (Barros, 
2001; Davenport and Davenport, 2006; Costa et al., 2022). 

Beach ecosystems have high socioeconomic value. Therefore, 
coastline retreat has important economic impact on property owners, 
recreational users and local businesses (Landry, 2011; Paprotny et al., 
2021). Additionally, the protective function of the coastal area as a 
defense against floods and storm surges needs to be maintained. The 
preservation of the coast and connected ecosystems is in line with the 
Sustainable Development Goals (United Nations, 2015), in particular the 
section on Climate Action (Kandrot et al., 2022). 

Around one third of world coastlines are sandy beaches, which are 
also specifically affected by human activities, both direct (Defeo et al., 
2009; Peterson and Bishop, 2005) and indirect (Luijendijk et al., 2018; 
Vos et al., 2022). Human intervention can be a starting point of erosive 
processes, generating areas of high vulnerability (de Andrade et al., 
2019; List et al., 2006). In the Netherlands, human interventions on 
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sandy beaches are regulated by the Ministry of Infrastructure and Water 
Management (Rijkswaterstaat). Displacement of sand is allowed up to a 
specified threshold. The regulation is difficult to enforce on a regular 
basis and consequences of the chosen threshold value are not studied. 
Close-range monitoring of an exemplary section of the coast and all 
anthropogenic activities affecting the sand volume and distribution, 
serves as a case study to analyze the individual and compound impact of 
many small-scale interventions, that went unnoticed in the past. Such 
impact assessment is expected to give insight in the usability of the 
current regulations. The present study relies on data obtained as part of 
the CoastScan project (Vos et al., 2017). The objective of this project was 
to develop a monitoring system to understand coast al dynamics during 
long time periods by the acquisition of detailed topographic data. A 
permanent laser scanner was used to obtain hourly 3D data at Noord
wijk, (Netherlands), for several years. For a smaller period, corre
sponding to approximately 2 months, in 2020, videos of the scanned 
area were also acquired. The objective of these videos was to evaluate 
the possibilities of the image information to complement and improve 
the understanding of the acquired 3D data. The characteristics of the 
chosen location as a typical urban beach on the Dutch coast, makes it 
representative for urban, dissipative beaches (Ruessink and Jeuken, 
2002). 

The use of video has become a common low-cost technology for 
coastal monitoring (Quartel et al., 2006; Nieto et al., 2010), being the 
objective of important projects such as ARGUS (Holman and Stanley, 
2007) or COSMOS (Taborda and Silva, 2012). Other video data sources, 
not specifically designed for coastal monitoring, such as the surfcams, 
have proven great usability in coastal monitoring (Andriolo et al., 2019; 
Conlin et al., 2020). 

The large amount of data generated by continuous monitoring of the 
environment presents a challenge for the adequate processing (Anders 
et al., 2021). Automatic processing techniques are required to extract 
useful information from such data. 

Previous works on the CoastScan project focused on the identifica
tion and extraction of surface changes from 3D data (Anders et al., 2021; 
Kuschnerus et al., 2021). In order to properly understand the results, it is 
required to distinguish between anthropogenic and natural changes. 
However, no ground truth is available to make this distinction. The 
reliable and automatic identification of anthropogenic changes is, 
therefore, a limitation to be solved (Kuschnerus et al., 2021; Kuschnerus 
et al., 2022). 

The image data was considered a useful tool for identification of 
these human interventions. In particular, the bulldozers working on the 
sand are easily identified. Bulldozer works represent an important per
centage of human impact on sandy coastlines (Lazarus and Goldstein, 
2019). In particular they are used for beach nourishment (Lazarus et al., 
2011), creation of artificial dunes or defenses against storm events 
(Magliocca et al., 2011), cleaning, and maintenance of access paths. 
Dutch regulation allows a limited volume of sand to be moved by in
dividuals with a relevant license (as owners of beach clubs), however, 
the rule is difficult to enforce (Kuschnerus et al., 2022). In the particular 
location of study, bulldozers are commonly used to create embankments 
before storms and to remove sand from areas of deposition after storm 
events, the levelling of some areas to create recreational areas with ta
bles and loungers is also common. 

Machine Learning algorithms are becoming a common approach for 
environmental monitoring. In particular, YOLO (You Only Look Once) 
(Redmon et al., 2016) is an object detection algorithm that uses con
ventional neural networks and has provided outstanding results in ob
ject detection for a wide range of applications. Its high speed allows for 
accurate object detection in real time. Its environmental applications 
include the detection of litter (Lin et al., 2021; Veerasingam et al., 
2022), forest snow damage (Puliti and Astrup, 2022), forest fires (Xu 
et al., 2021) or different fish species (Jalal et al., 2020). 

In this paper, we apply the YOLO algorithm to detect bulldozers on 
coastal video data. Firstly, the video frames were extracted and 

preprocessed using Principal Components Analysis (PCA) (Abdi and 
Williams, 2010), a well-known methodology to highlight moving or 
changing objects in images (Deng et al., 2008; Ingebritsen and Lyon, 
1985; Lu et al., 2005). YOLOv5 was specifically trained for the detection 
of the bulldozers on this type of images. Later, the detection was carried 
out for the two months of the CoastScan image dataset and the detected 
sand movements as carried out by bulldozers were validated in com
parison with suspected anthropogenic changes detected from the 3D 
data. 

The novelty of the presented study relies in three main points: 
Change images, obtained using PCA are used as the input for YOLO 

detection. Although PCA has been used to reduce dimensionality prior to 
YOLO detection (Masoom et al., 2022), to the knowledge of the authors 
there are no previous studies that combine PCA change detection and 
YOLO to identify changing objects in video images. 

The validation of the results was carried out by reprojecting the 
detected bulldozers position to the coordinate system of the scanner and 
comparing the results with the changes obtained from detailed 3D data. 

The procedure was carried out automatically for a large dataset of 
approximately 19 000 images. 

2. Materials and methods 

This section is divided in (i) description of the study area, (ii) the 
description of the CoastScan data, (iii) description of the YOLO algo
rithm, (iv) methodology for bulldozer detection, including YOLO 
training and detection of bulldozers for the whole CoastScan image 
dataset, and (v) matching of the obtained results with notably laser- 
derived 3D changes. 

2.1. Study area 

The area of study is the beach of Noordwijk, in the Netherlands 
(Fig. 1). The covered area is approximately 950 m long and 250 m wide. 
It includes the sandy beach, the dune area, a paved area, path and stairs 
leading to the beach and a beach club building located on the boundary 
between dunes and beach. 

2.2. Study area data 

The CoastScan dataset is composed of laser-derived 3D data and 
video data. 

For the 3D data a Riegl VZ-2000 laser scanner was placed on the top 
floor of a hotel building, located behind the dunes and at 55 m above sea 
level. A scan of the whole area is acquired every hour. 

Two cameras were positioned next to as the scanner between 
February 20 and April 26, 2020. For the period between February 29 and 
April 24 the dataset can be considered constant, with some small gaps 
that should not affect the results. For the period between the February 
20 and February 28, the videos are fragmented and cover only some 
periods of the day with no data registered for the 27th. For the last day, 
April 26, the video stops in the morning as the camera is removed from 
its location. 

The time interval between image acquisition is not constant and 
varies from 5 Hz to 6.6 mHz (five images per second to one image every 
2.5 min). Camera 1 is pointing directly to the ocean and covers the 
whole study area (Fig. 2a). Camera 2 is pointing diagonally and covers 
only a part of the study area (Fig. 2b). The resolution of the images is 
1912x1088 pixels. 

The dataset provides a useful source of data with high quality images 
and image frequency. Nevertheless, some of the particularities of the 
images hamper the detection of bulldozers, people or other agents 
interacting with the beach. In the first place, the images cover a large 
area, and therefore the bulldozers have a small size in pixels (i.e. be
tween 20 and 70 pixels in most cases). Moreover, the quality of the 
images varies due to the weather conditions, so blurred images can be 

I. Barbero-García et al.                                                                                                                                                                                                                        



International Journal of Applied Earth Observation and Geoinformation 117 (2023) 103185

3

expected for rainy days. An example of the images can be seen in Fig. 2. 
Night images are also taken and needed to be automatically removed 

during the preprocessing stage. 
The weather data for the location was obtained by the Royal 

Netherlands Meteorological Institute (KNMI). In particular the wind 
speed and direction is available for every hour. 

2.3. The YOLO algorithm 

YOLO is a state-of-the-art object detection algorithm that uses a 
single convolutional network. Six generations of YOLO have been 
released. In this study we apply YOLOv5, which presents important 
improvements in terms of accuracy and speed in comparison with pre
vious versions. YOLO consist of (i) Backbone (CPSDarknet) for feature 
extraction, (ii) Neck (Panet) for feature fusion and (iii) Head (YOLO 
layer) for generating the detection results. 

The YOLO algorithm divides the image into grids, bounding boxes 
and the confidence of them containing an object are predicted for each 
grid. Ideally, the confidence score should be zero if there is no object in 
that cell and equal to the intersection over union between the ground 
truth and the predicted box if an object exists. 

Separately, a set of class probabilities is predicted for each grid. 
In the last stage, the class probability of each bounding box is 

multiplied by the confidence score producing a class-specific confidence 
score. These scores reflect the probability of a class appearing in the box 
and how well the box fits the object. The class with the highest class- 
specific confidence score is selected as the final prediction (Redmon 
et al., 2016). 

YOLOv5 provides 5 different models with different network depth 
and feature map width. The model used in this study is YOLOv5s, as it 

was found to provide the best results after several tests. 

2.4. Bulldozer detection 

The use of YOLO for bulldozer detection requires training the algo
rithm. The model training process consists of (i) frame extraction, (ii) 
generation of change images, (iii) image cropping, (iv) labelling, (v) 
model training and (vi) model evaluation. The detection of bulldozers is 
carried out for the whole set of videos, as acquired by CoastScan Camera 
1. The bulldozer detection process consists of (i) frame extraction, (ii) 
image correction, (iii) generation of change images, (iv) image cropping, 
(iv) bulldozer detection using YOLO, (v) coordinate extraction and (vi) 
filtering (Fig. 4). 

2.4.1. Model training 

2.4.1.1. Training data. The available CoastScan dataset contains an 
important number of images, however, it is limited in terms of vari
ability, as all the images belong to the same location with two different 
points of view. In order to enrich the dataset with a larger quantity of 
images and locations, two more data sources were included for training. 
The second set of images was obtained from the ARGUS project (Holman 
and Stanley, 2007), in a location named Zandmotor, south of The Hague, 
The Netherlands (Fig. 3a). The third set of images was obtained from the 
Coastal Ocean Observatory (COO) for the location of Castelldefels, 
Spain, these data are available at ICM-CSIC (https://coo.icm.csic.es/) 
(Fig. 3b). 

The CoastScan dataset is composed of videos covering a period be
tween 34 min and one day, the minimum frequency is one image every 
2.5 min. 

Fig. 1. Location of study area in Noordwijk, the Netherlands. Image from ESRI World Imagery.  

Fig. 2. CoastScan project video frames for camera 1 (a) and camera 2 (b).  
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For the ARGUS data, one image is available every 30 min, while the 
COO dataset consists of one image every hour. 

2.4.1.2. Frame extraction. Firstly, videos or images of days with work
ing bulldozers were manually identified. It was not possible to analyse 
every image of each dataset due to the large quantity of data. Instead, 
the periods after storms were found and checked for bulldozers. 

For the CoastScan dataset, frames were extracted for each selected 
video. Frames corresponding to night hours or otherwise too dark were 
removed by using a mean value threshold. As videos present different 
frequencies, the whole dataset was resampled to 6.6 mHz (approxi
mately 1 image every 2.5) minutes. The image frequency is considered 
sufficiently dense, as bulldozers carrying out works will always work for 
longer periods. 

For COO and ARGUS a set between 5 and 15 images were selected 
from each day with at least one visible bulldozer. 

2.4.1.3. Change image generation. Performing change detection prior to 
the object detection has several advantages. In the first place it will 
improve the detection techniques as bulldozers moving will be high
lighted in the images, while other elements that might lead to confusion 
(e.g. buildings, vegetation) will be deleted. Moreover, bulldozers that 
are static for long periods will not be detected as working bulldozers. 

For the CoastScan dataset the images were grouped in sets of 15 
images, which corresponds approximately to 34 min. For COO and 
ARGUS, images were grouped per day. 

The n images of each group were transformed to grayscale and 
combined, generating and new image with n number of bands. PCA was 
computed for this newly generated image, resulting in n components. 

The majority of the images information will be in the first components. 
Therefore, the first PCA component (PCA1) will correspond to the static 
elements, that are common between images. For each grayscale image a 
subtraction with PCA1 is computed, generating a change image (Fig. 5). 

2.4.1.4. Image cropping. The images contain not only the sandy beach, 
but also other areas that have no interest for the study. The area of in
terest for each image was cropped. In order to get squared images that 
are recommended for YOLO’s best performance, input images were 
decomposed into several adjacent, squared images for each of both 
camera viewpoints. For CoastScan camera 1, seven images of 320x320 
pixels covering the beach area were obtained with an overlap of 20 
pixels between consecutive ones. For CoastScan camera 2 only 3 images 
with same resolution and overlap were used, as the area further from the 
camera was discarded. 

The COO and ARGUS images were also cropped to the same size and 
with the same overlap, following the same principle of maintaining only 
the beach area. 

2.4.1.5. Labelling. The labelling process was carried out using the 
software Make Sense (Skalski, 2019). Bulldozers were identified in 
visible and change images separately. 

2.4.1.6. Model training. The training was carried out for the original 
visible images and the change images separately. 

All the images were labelled to identify the bulldozers, this was the 
only class taken into account. 

The resulting RGB dataset was composed of 590 images (CoastScan: 
408, COO: 113, Argus: 69). The change images dataset included 609 

Fig. 3. Images with visible bulldozers (highlighted in red) from ARGUS dataset (a) and COO dataset (b). (For interpretation of the references to colour in this figure 
legend, the reader is referred to the web version of this article.) 

Fig. 4. Workflow of the training of the YOLO algorithm and the consecutive detection.  
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images (CoastScan: 429, COO: 114, Argus: 66). The differences in 
numbers are due to different possibilities to identify the bulldozers. The 
datasets contained approximately 10 % of images without bulldozers as 
this amount of images is recommended for YOLO training. 

Each dataset was split into train, validation and test (60 %, 20 %, 20 
%). 

The model was trained using the different models and pretrained 
weights available for YOLOv5, each training was computed once for 
each set of images (RGB and change). A maximum of 300 epochs was set. 

In order to evaluate the improvement of the model by adding the 
COO and ARGUS images, a separate training was carried out using 
CoastScan images only. 

2.4.1.7. Model evaluation. The best results were obtained with the 
pretrained model weights YOLOv5s. Therefore, the validation was car
ried out for this approach. 

The models were evaluated using the test data, composed of 20 % of 
the images that were not used during model training or evaluation. 

In order to have a detailed evaluation of the outcomes, the detection 
results for the test dataset were manually compared with the ground 
truth. The comparison was made element-wise. A detection was 
considered correct when the detected bulldozer visually fits a labelled 
bulldozer. Small differences in the edges of the object were not 
considered. 

As the model was designed to be used on CoastScan Noordwijk data, 
a second evaluation of each approach was carried out on these data only. 

2.4.2. Automatic processing the whole CoastScan image dataset 
Once the training stage was complete, the next step was to apply the 

methodology to process the whole CoastScan image dataset. 
The process was carried out using a specifically designed tool for the 

images of Camera 1, as it covers the whole study area, and the derived 
information can be easily compared to the 3D data. 

2.4.2.1. Image extraction. The CoastScan dataset is composed of folders 
containing a video or pre-extracted frames, along with a metadata file. 
The metadata file contains the specific acquisition time for each frame. 
Each folder contains the data for a time frame between 34 min and a day, 
depending on the image frequency. 

In the first place, the created tool will read each metadata file and 
extract and copy the required frames to have a uniform time between 
consecutive images of 2.5 min. The name of each frame will correspond 
to the date and hour of acquisition. 

Some images corresponded to night images. For each image, the 
mean of the RGB values was computed and, in case it was below a 
threshold of 110, it was considered too dark and removed. 

2.4.2.2. Image correction. A camera calibration was carried out prior to 
the installation. For calibration, a chessboard pattern and Matlab 
Camera Calibrator App (Bouguet, 2004) was used to extract the cali
bration parameters, including: two components of the principal point, 
two components of focal length, three radial distortion coefficients, two 
tangential distortion coefficients and the skew. Knowing the calibration 
parameters, each frame was corrected using Python OpenCV (Bradski, 
2000). The use of Python for image correction allowed to incorporate 
this stage in the automatic tool. 

2.4.2.3. Change detection and cropping. After the images were extracted, 
the image change computation and cropping were carried out following 
the process described in Sections 2.4.1.3 and 2.4.1.4. The obtained 
dataset contained 18 719 input images and 112 314 cropped images. 

2.4.2.4. Bulldozer detection from images. The detection was carried 
using the best performing previously trained YOLO model on the change 
images (see Section 3.1). For each image with a detected bulldozer a 
label file with the image coordinates and confidence of the detection 
were obtained. 

2.4.2.5. Image registration and coordinate extraction. In order to use the 
obtained data to identify the anthropogenic changes we need to extract 
the coordinates of each detected bulldozer. In this way, the deformations 
can be located, and the information can be combined with the 3D data 
extracted from the laser scanner. 

The external orientation parameters of the camera were extracted 
using ground reference points in the images. 

As no stereography is available, it was not possible to extract the 3D 
coordinates of an image pixel from the images only. To solve this 
problem, a 3D point cloud taken by the CoastScan project scanner during 
low tide was used as a surface reference for the images. 

A pseudo image of the scanner 3D data was created by reprojecting 
every point of the scan to an image with the same external orientation as 
the camera images. In this way, each pixel of the image was assigned a 
coordinate in the coordinate system of the scanner. A Z-buffering 
(Rossignac and Requicha, 1986) was used in case more than one 3D 
point corresponded to the same pixel, allowing to choose the point 
closest to the camera. 

Fig. 5. Cropped visible original image (left) and corresponding change image highlighting the moving elements, a bulldozer and people standing on the 
beach (right). 
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The accuracy of this methodology is affected by the changes in the 
sand surface and the height of the bulldozers. Nevertheless, we consider 
the obtained accuracy, in the order of a few meters, to be sufficient to 
give a location for the works carried out. 

2.4.2.6. Filtering. The detected bulldozers are likely to present a high 
number of detections that do not correspond to machines carrying 
anthropogenic works in the sand. A filtering of the detections was 
therefore required to remove the following cases: (i) bulldozers passing 
by, only visible in one image, (ii) bulldozers outside the area of the sandy 
beach and (iii) statical changes that are detected as bulldozers but 
correspond to other changes (e.g. turning on the lighting of the paths or 
buildings). Such statical changes can be removed as the detection occurs 
in the same coordinates repeatedly. 

To perform the filtering, the following detections were removed:  

1. Isolated detections, when no more detections are carried out earlier 
or later for a time frame of two hours.  

2. Detections out of the area of interest.  
3. Consecutive detections with similar coordinates. A threshold of 3 

pixels was stablished. 

Two iterations of the process were carried out, so isolated detections 
are correctly identified after removing incorrect detections first. 

2.5. Combination with other data sources 

In order to understand and validate the obtained data, it is required 
to carry out a comparison with other data sources. 

The results were compared with the daily maximum wind speed. The 
weekends were also considered as the works are expected to be reduced 
during these days. 

The most important comparison was carried out with 3D data ob
tained by the permanent laser scanner. 

2.5.1. Comparison with 3D data 
Change analysis in 3D data is performed by computing distances 

between different scans. The process is detailed by Kuschnerus et al. 
(2021). The time difference between scans is one hour. An area is sus
ceptible to anthropogenic change when there is a difference in height 
above 30 cm between two consecutive scans. 

The number or changes susceptible of being anthropogenic, together 
with the affected area and volume were computed for each hour. 

The correlation between the number of detected bulldozers and the 
area affected by possible anthropogenic changes in the 3D data was 
calculated. The correlation was calculated for both hourly and daily 
data. 

A significant number of large changes in 3D data can have other 
causes but bulldozers, such as waves or parked cars. In order to isolate 
changes caused by bulldozers, a small area of the beach has been used 
for validation (Fig. 6). This area has dimensions of 27x47 m, is located 
close to the beach club building and is frequently affected by working 
bulldozers while other changes are limited as it is never covered by 
water and no cars or other disturbing elements are usually found. The 
changes in this area are assumed to be mostly caused by bulldozers. 

3. Results 

This section is structured in three parts, results regarding the training 
of the YOLO algorithm, results of the detection for the whole CoastScan 
dataset and comparison between the detected bulldozers and the 
changes derived from the 3D data. 

Fig. 6. Validation area (in red). Image from Google Earth. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version 
of this article.) 
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3.1. Evaluation of the detection algorithm 

The element-wise evaluation of the YOLO detection is shown in 
Table 1. The evaluation was carried out for four training approaches: (i) 
using all change images (CoastScan, COO and ARGUS) (ii) using all 
original images (iii) using only CoastScan change images and (iv) using 
only CoastScan original images. Each evaluation was also performed 
both for all images and separately for CoastScan images only. 

For each training and evaluation approach the number of true pos
itives (TP), number of false positives (FP), accuracy (TP/(TP + FP)) and 
recall (TP/Instances) were calculated. 

The best results were obtained for the model trained using all images 
and applied on the change images, resulting in a precision of 0.94 and a 
recall of 0.81. The detection process for all the images in the CoastScan 
dataset was performed using these model weights. 

For every case, the model using change images performed better than 
the one using original RGB images. The training using all images pro
vided better results than the training using CoastScan images only. In 
particular, using all images contributes to a lower number of false pos
itives, and therefore, to a higher precision. 

3.2. Bulldozer detection for the whole dataset 

The bulldozer detection was computed for the whole dataset, con
sisting of 18 719 images. The results are shown in Fig. 7. The daily 
maximum wind speed is also displayed, and the weekends are high
lighted. The graph shows a low number of detected bulldozers during 
the first weeks. A possible explanation for this low number is a limited 
maintenance activity in winter. This lower number of detections could 
also be partially caused by time gaps in the available video for the first 9 
days. At the end of winter and the beginning of spring the number of 
detected working bulldozers increase drastically for a period of two 
weeks. After that, work seems to be kept at a lower level, probably for 
maintenance. In most cases, work is performed in days with low wind 
speed, right after storms or days with a much higher wind speed. The 
number of detections is lower on Saturdays and Sundays. 

The visualization of the detections in the image is vital to understand 
the location of the changes and compare the 3D and image information. 
In Fig. 8 the detections for two days with different number of detections 
is visualized. 

3.3. Comparison with changes derived from 3D data 

Height changes above 30 cm between consecutive scans and detected 
bulldozers are presented in Fig. 9 for three different days. The location of 
detected changes and detected bulldozers are similar in the majority of 
cases. 

The correlation between the area affected by height changes above 
0.3 m and the number of detected bulldozers is presented in Table 1. For 
the whole area the correlation is low for a hourly time frame and sig
nificant when computed for a daily time frame. For the validation area, 
as it was to be expected, the correlation is higher, for the daily time 
frame the results show a strong positive correlation, with a value of 0.88 
(Table 2). 

4. Discussion 

A method for automatic bulldozer detection on a large dataset has 
been presented. The detection process is hampered by the wide area 
covered by the images, leading to a small size of bulldozers in the im
ages. Different meteorological conditions can also result in blurred im
ages. This situation is common to many other image systems for coastal 
monitoring and would not allow the obtainment of good results using 
most common object detection techniques. 

In this project, we propose a combination of PCA change detection 
and YOLO object detection. The algorithm was found to provide good 
results with a precision of 0.94 and recall of 0.81 for the CoastScan 
images. The change detection preprocessing improved the detection by 
slightly rising the recall and highly reducing the number of false posi
tives in comparison to using YOLO directly on the original images. As the 
change detection is computed, most constant features or background of 
the images are removed, reducing the areas that can be misclassified as 
bulldozers. The change detection also allows for automatically removing 
static bulldozers, which may be parked on the beach for some periods 
but are not performing works in the sand. 

The classification results are slightly better when images from other 
datasets (i.e. ARGUS and COO) are included in the training stage. These 
images added different locations and types of bulldozers, moreover, the 
lower frequency of the images leaded to noisier change images. This 
contributed to avoid overfitting during the training stage and signifi
cantly increased the final accuracy, with the caveat of a small lose in 
recall. 

The coordinates of the detected bulldozers were also obtained. The 
accuracy in terms of georeferencing is considered to be in the order of 
1–2 m and enough for location of works that include an area of several 
meters. The accuracy in the detection is also considered adequate. Small 
inaccuracies will very likely not affect the results, as a working bulldozer 
will likely be visible in many frames, decreasing the importance of a 
false negative. In the same way, another vehicle that is not working on 
the sand is not likely to be moving around during a long time period, and 
therefore, it can be easily removed as a possible working bulldozer. 

With a frame frequency of one image each 2.5 min the implemented 
methodology can easily be run in real time. Therefore, it is suitable for 
processing the large quantities of data generated by continuous moni
toring systems. 

The bulldozer detection results were compared with the changes 
derived from the 3D models. The distribution of changes and bulldozers 
for particular days is presented and can be used for classification of the 
changes. The correlation between changes and number of detected 
bulldozers is strong for a validation area and a daily time frame, while 
hourly comparison has a lower correlation. Several reasons can explain 
low correlation values. In the first place, 3D data derived changes can 
have different causes and it is difficult to isolate anthropogenic changes 
by using only a threshold in height differences. The higher correlation 
for a limited study area reinforces this point. The important differences 
in correlation when hourly time frames are used points to a time dif
ference between the detection of the bulldozers and the detection of the 
changes. In some cases, bulldozers are probably detected when on their 
way to the work area, on their way back or when they are parked during 
shift changes or breaks. As a consequence, we can conclude that the 

Table 1 
Element-wise classification evaluation results obtained on test data for CoastScan images and all images (CoastScan, COO and ARGUS), showing true positives (TP), 
false positives (FP), precision and recall, for change and original images. Best results in bold.  

Images Training All images CoastScan images only 

Instances TP FP Precision Recall Instances TP FP Precision Recall 

Change All images 120 93 8  0.92  0.78 83 67 4  0.94  0.81 
Original All images 121 90 14  0.87  0.74 78 61 9  0.87  0.78 
Change CoastScan      83 72 19  0.79  0.87 
Original CoastScan      78 51 11  0.82  0.65  
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Fig. 7. Detected bulldozers (red) for the full period and maximum wind speed (blue). Weekends are indicated by orange bars. (For interpretation of the references to 
colour in this figure legend, the reader is referred to the web version of this article.) 

Fig. 8. Detections of bulldozers for two given days and colors according to YOLO confidence and change images with detected bulldozers for the second date.  

I. Barbero-García et al.                                                                                                                                                                                                                        



International Journal of Applied Earth Observation and Geoinformation 117 (2023) 103185

9

determination of the working time of the bulldozers can only be ob
tained with a margin of several hours. Lastly, bulldozers can be doing 
work that does not create an important change in surface height, such as 
flattening a slightly wavy area or even carrying objects. 

The results show that the number of detected bulldozers is correlated 

to the area affected by anthropogenic changes. The information ob
tained using object detection can be used to support and validate the 
classification of anthropogenic and natural changes measured using 
other techniques. 

The technique has the objective of identifying bulldozers, under
stood as heavy motorized machines capable of carrying a blade or dig
ging and therefore, suited to move large quantities of sand. The 
variability of these machines in size, shape and other characteristics is 
wide. They can also be mistaken to pickups or other vehicles commonly 
driven around the beach by conservation or vigilance services. In the 
presented study, training data from three different locations was 
employed. Despite of this, the variability of the area and the vehicles 
identified is still limited. In order to apply the presented technique to 
other locations, it would be necessary to assure that the model adapts to 
the characteristics of the new location and the machines employed. In 

Fig. 9. Maps of scan-derived changes larger than 30 cm and detected bulldozers for different days for the whole area (top), and for the area closer to the beach club 
building (bottom). 

Table 2 
Correlation results between the number of detected bulldozers and the area 
affected by changes above 30 cm according to the 3D data.  

Time frame Area of study Correlation 

Hourly Whole study area  0.29 
Daily Whole study area  0.57 
Hourly Validation area  0.43 
Daily Validation area  0.88  
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some cases, a new training might be required. Apart from this necessity, 
the methodology could easily be employed in other coastal monitoring 
projects for locations with similar characteristics (similar visibility 
conditions). 

Future works will include a larger correlation with 3D data de
formations. A threshold of the number of detected bulldozers in a 
location and time frame to classify changes as anthropogenic should be 
derived. Other object detection algorithms could also be tested. 

5. Conclusion 

In this study we have presented a methodology to automatically 
detect working bulldozers from coastal imagery. The images used are 
generated by a camera placed near to the coast as part of the CoastScan 
project. 

Machine learning object detection, in particular the combination of 
YOLO and PCA change detection, have proven to be capable to auto
matically detect and quantify human interventions in beaches. The 
presented methodology can contribute to the better understanding of 
coastal processes by differencing anthropogenic and natural changes. It 
could be implemented on different spots, especially those hotspots more 
susceptible to erosion and human activity, in order to obtain important 
information for conservation and management. It can be applied to low- 
cost data and already available data, such as imagery extracted from 
surfcams (cameras installed on the coast with the objective to provide 
surfers and beachgoers with real time information on the sea state by 
streaming video on the internet) (Andriolo et al., 2019) or other coastal 
monitoring systems. It can also complement other types of data like 3D 
data extracted from laser scanner. 

As the anthropogenic changes caused by bulldozers potentially have 
a great impact on beach ecosystems, a detailed detection and monitoring 
of these changes is helpful to improve coastal management. In partic
ular, it can help enforce and improve regulations, thereby contributing 
to limit the impact to economy and fauna of coastline retreat, while 
helping in objectives as presented in the Sustainable Development Goals. 
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