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Abstract: We propose an optimized Structure-from-Motion (SfM) Multi-View Stereopsis (MVS)
workflow, based on minimizing different errors and inaccuracies of historical aerial photograph series
(1945, 1979, 1984, and 2008 surveys), prior to generation of elevation-calibrated historical Digital
Surface Models (hDSM) at 1 m resolution. We applied LiDAR techniques on Airborne Laser Scanning
(ALS) point clouds (Spanish PNOA LiDAR flights of 2014 and 2019) for comparison and validation
purposes. Implementation of these products in multi-temporal analysis requires quality control due
to the diversity of sources and technologies involved. To accomplish this, (i) we used the Mean
Absolute Error (MAE) between GNSS-Validation Points and the elevations observed by DSM-ALS
to evaluate the elevation accuracy of DSM-ALS generated with the LAScatalog processing engine;
(ii) optimization of the SfM sparse clouds in the georeferencing step was evaluated by calculating
the Root Mean Square Error (RMSE) between the Check Points extracted from DSM-ALS and the
predicted elevations per sparse cloud; (iii) the MVS clouds were evaluated by calculating the MAE
between ALS-Validation Points and the predicted elevations per MVS cloud; iv) the accuracy of the
resulting historical SfM-MVS DSMs were assessed using the MAE between ALS-Validation Points
and the observed elevations per historical DSM; and (v) we implemented a calibration method
based on a linear correction to reduce the elevation discrepancies between historical DSMs and
the DSM-ALS 2019 reference elevations. This optimized workflow can generate high-resolution
(1 m pixel size) hDSMs with reasonable accuracy: MAE in z ranges from 0.41 m (2008 DSM) to
5.21 m (1945 DSM). Overall, hDSMs generated using historical images have great potential for geo-
environmental processes monitoring in different ecosystems and, in some cases (i.e., sufficient image
overlapping and quality), being an acceptable replacement for LiDAR data when it is not available.

Keywords: historical aerial images; Digital Surface Model (DSM); Structure from Motion (SfM);
Multi-View Stereopsis (MVS); optimization; quality control; LiDAR; global navigation satellite
systems; beach-dune system

1. Introduction

Earth sciences, and particularly geomorphology, have witnessed continuous improve-
ment in environmental monitoring technology [1,2]. New instruments and methods allow
the acquisition of high spatial resolution topographic and morphometric datasets and the
generation of high- (pixel size < 1 m) and ultra-high-resolution (pixel size < 10 cm) Digital
Elevation Models (DEMs) and Digital Surface Models (DSMs) [3]. These are representations
of the earth’s surface in the form of digital sets of elevation values. Whereas a DEM is a
“bare” land surface model, a DSM also includes the tops of everything, including buildings,
treetops, etc. [4].
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The new ways of obtaining time series of high-resolution DEMs and DSMs popularized
in recent years (e.g., Light Detection and Ranging, or LiDAR; Structure-from-Motion, or
SfM) [5–7] have led to a surge of studies exploiting these capabilities in fields such as
fluvial and coastal geomorphology [8–12], biogeography and forest science [13–15], hazard
assessment [16,17], hydrological connectivity [12,18–20] and many more [21–25].

These novel geospatial technologies can be used to monitor landscape changes in space
and time, from the microscale to the global/planetary scale [26], opening unprecedented
opportunities in many scientific fields. Increased resolution (both temporal and spatial) of
the datasets also triggers the implementation of newly developed algorithms for monitoring
land surface processes (e.g., change detection, image segmentation, image classification,
etc.) [27–33].

More specifically, the application in environmental sciences of photogrammetric tech-
niques such as SfM has skyrocketed in recent years, favored by the popularization of
Unmanned Aerial Vehicles (UAV) [34–36]. UAVs allow the capture of very high-resolution
sets of aerial images, featuring great overlap among them. Hence, it is possible to generate
very high-resolution DEMs and DSMs with great standards of quality and robustness at
relatively low costs [37]. The boom in UAVs has been accompanied by the more recent
exploitation of historical aerial photographs in combination with SfM and Multi-View
Stereopsis (MVS) techniques for the generation of historical DSM (hDSM) series [38–40].
This means that historical high-resolution elevation data can be reasonably easily obtained,
allowing the historical (spanning decades) assessment of topographic and vegetation
changes at very low cost (in most cases, images are freely downloadable). In this sense,
SfM-MVS represents a great advantage over LiDAR since it is capable of generating DSMs
of past terrain, something that LiDAR cannot achieve [41]. However, the use of histor-
ical images for SfM purposes may introduce additional uncertainties and errors in the
hDSM generation process since the former were not conceived for photogrammetric pur-
poses [42,43]. For these reasons, concurrently with the intensive use and application of SfM,
the technique itself has also experienced frequent and constant improvements during the
last few years [44–47]. Nevertheless, in terms of the quality and robustness of geospatial
data, technological development is not a panacea for geomorphology. The challenge is in
evaluating the data produced by new methods and comparing it with that obtained from
older techniques [1], incorporating historical sleuthing [48].

In this context, the suitability of the Spanish aerial image archive for photogrammetric
purposes has been scarcely explored to date [49,50]. This study aims to fill this gap by
comparing the performance of the available sets of historical images from the Spanish
archive as sources of information for the hDSM series.

To this end, this study has two main objectives:

1. To implement an optimized (minimizing elevation errors, reducing processing time,
and saving memory) and reproducible (standardization of the process) workflow for
the generation of a 4D (x, y, z, time) high-resolution (1 m pixel size) DSM series, based
on historical aerial photographs.

2. To assess the quality (accuracy and point density) of the generated products (hDSM
series), highlighting the advantages and shortcomings of the proposed workflow.

The study is carried out in one of the most sensitive systems in coastal areas—the
sandy beach dune. This is a highly dynamic system where beaches and dunes interact in a
delicate equilibrium [51]. The environmental forcing and human interventions may affect
this morphological equilibrium, having important impacts on the form and processes in
the system. Therefore, it is crucial to monitor the changes occurring in the system over the
years. This is particularly important in natural areas such as the beach dune system of Sa
Ràpita-Es Trenc, where the impact of human interventions such as tourism is profoundly
altering the system.
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2. Materials and Methods
2.1. Study Area

The beach-dune system of Sa Ràpita-es Trenc is located on the Southern coast of the
island of Mallorca (Western Mediterranean), on a coastline that closes the basin of Campos
to the sea (Figure 1). The system has an approximate area of 9 km2 occupied by Holocene
dunes. These dunes extend along an arched coastline of about 6 km that goes from the
town of Colonia de Sant Jordi to the marina of Sa Ràpita, in a westerly direction. The
construction of the marina in 1973 caused a retreat of the coastline in the central sector [52].
The rocky promontories that emerge between the dune systems and on which the town of
Sant Jordi is located are formed by eolianites. The rocky coast of strata beyond the marina
in a westerly direction is formed by the outcrop of post-orogenic upper Miocene materials
(calcarenites). The composition of the beach sand is predominantly bioclastic with a fine
texture [53]. The presence of the seagrass Posidonia oceanica in the submerged beach is a key
factor in fixing and stabilizing the sediment in the nearshore area, and their dead leaves
deposited as banquette in the aerial beach protect it from erosion during storms. A study
about the evolution of the coastline of the beach between 1956 and 2015 showed a total
average regression of −5.72 m [54].
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Figure 1. Location and overview of the study area.

The reasons for choosing this study area (30.92 km2) are related to its remarkable
geomorphological dynamism (many potential changes occurred in the shorelines, beaches,
and dunes during the studied period) and the limited altitudinal gradient. In addition, the
presence of the sea limited some steps of the workflow (i.e., the capture of Ground Control
Points). These three features challenged the implementation of the SfM-MVS methodology,
making this pilot area an ideal site for testing the proposed workflow [38,40,55].

2.2. Dataset
2.2.1. Historical Aerial Image Series

A total of four sets of historical aerial photographs covering a 30.92 km2 study area
were processed using SfM-MVS methods. Image datasets correspond to aerial surveys
carried out in 1945 (American A Series), 1979 (Interministerial Flight), 1984 (National
Flight), and 2008 (Spanish PNOA Flight) (Figure 2) [56]. The Centro Nacional de Infor-
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mación Geográfica (CNIG) (https://centrodedescargas.cnig.es/ (accessed on 1 April 2022))
provided historical photographs from 1979 to 2008. Photographs corresponding to the
1945 survey were obtained from the U.S. National Archives and Records Administration
(NARA) (https://www.archives.gov/ accessed on 1 April 2022 (available upon request)).
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Figure 2. Characteristics of the historical aerial photograph series and LiDAR coverages used in this study.

The different sets of photographs were taken with different cameras during the sum-
mer, at different morning hours with different solar elevation angles and from different
altitudes, ranging from 6000 to 3000 m above sea level, so the scales of each series of
photographs differ. All historical image sets, except the 2008 PNOA photo series, have
a fiduciary system defining the flight metadata, reference system, and scales. The black
and white photographs from 1945 to 1984 were captured with very little frontal and lateral
overlap, particularly in the 1945 series, where only seven photographs were captured in
two strips parallel to the shoreline. These images were scanned from analog to digital and
used without a reference system. All the black and white photographs used in this study
present challenges for photogrammetric processing due to the noise in the photographs,
the presence of the sea in some photographs, and photogrammetric quality issues such as
overlap, scale, and uneven distribution of GCPs on the shoreline. The RGB photographs
captured by PNOA 2008 have higher photogrammetric quality in terms of image definition,
contrast, and overlapping, and they are adequate for an SfM-MVS experiment.

More flights and historical photographs are available for public use and download
at CNIG and the Digital Fototeca of Spain (from 1929 to 2022) (https://fototeca.cnig.es/
fototeca/ (accessed on 1 April 2023), though their use for SfM-MVS in this study was
discarded due to insufficient overlap (i.e., the 1956 American B series and the 1991 coastal
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flight series) [49]. Still, we aimed to obtain a coherent and reliable DSM with just five
photographs (1945 American Series A) (Figure 2 and Figure S1).

2.2.2. LiDAR ALS

In order to validate the hDSM series obtained using SfM-MVS, we used official prod-
ucts derived from ALS (Airborne Laser Scanning). In this case, ALS datasets from 2014 and
2019 belonging to flights of the Spanish National Aerial Orthophotography Plan (PNOA)
have been processed. These files have also been downloaded from the Spanish National
Centre for Geographic Information (CNIG) (https://centrodedescargas.cnig.es/ (accessed
on 1 April 2022).

The 2014 and 2019 datasets present very similar characteristics, such as flight altitude,
scanning or pulse frequency, field of view, as well as other attributes, although some
differences are also observed. The main differences between the datasets analyzed are
the sensors—the LEICA ALS60 for 2014 and the LEICA ALS90 for 2019—but the most
notable and important difference is the laser spot density. In the 2014 dataset, the density
is 0.5 points per m2, whereas in the 2019 dataset, a higher density is observed, reaching
1 point per m2.

2.3. GNSS: Reference Field Survey

On 11 December 2021, a total of 50 GNSS-validation points distributed over the ALS
cloud area (Figure 3) were measured using a Leica Viva GS15 GNSS system (Leica Geosys-
tem AG, Heerburg, Switzerland). This receiver is outfitted with a real-time kinematic
transmission (RTK) positioning system with a differential connection to the SITIBSA XGAIB
service (Servei d’Informació Territorial de les Illes Balears and Xarxa de Geodèsia Activa
de les Illes Balears). These reference GNSS-validation points were utilized for independent
positioning validation of the DSM-ALS (2014 and 2019). The equipment specified for
RTK accuracy in static phase mode is 5 mm horizontal plus 0.5 ppm RMSE and 10 mm
vertical plus 0.5 ppm RMSE. The coordinates were first recorded in the WGS84 ellipsoid
reference (epsg:4326) and subsequently translated to the ETRS89 UTM zone 31N coordinate
reference system (epsg:25831). GNSS-validation points were measured at areas with minimal
vertical change [56] between the 2019 DSM-ALS series and the GNSS survey (2021), such
as bunkers, flat rocky surfaces near the coast, and inland road crossings.

2.4. Ground Control Points

GCPs were edited using QGIS software [57] by selecting sites where elevation changes
in the historical dataset were limited, such as anthropogenic features [4,5]. We avoided
identifying GCPs in the beach-dune system due to its high morphodynamical activity.
Vertical coordinates (z) of GCPs were retrieved using the ALS 2019-derived DSM, while
horizontal coordinates (xy) were extracted from the PNOA 2019 orthophotography.

We used 94 GCPs, uniformly distributed over the photogrammetric area (Figure 3),
and randomly grouped into Control Points to georeference the sparse cloud and Check
Points to assess the xyz accuracy of the sparse cloud in the SfM process. An additional
and independent sample of 300 GCPs was employed as ALS-Validation Points for historical
dense clouds and DSM evaluations as final deliverables.

2.5. LiDAR ALS and Historical Aerial Photographs Processing

The effective and complementary use of LiDAR datasets for validation of SfM-MVS-
derived hDSM series has already been tested [38–40,58,59], highlighting the usefulness of
ALS-derived DSMs to work as ground truth for elevation value comparisons in large or
inaccessible areas where the use of punctual GNSS data for the validation is not an option.
Thus, in this study, using GNSS measurements, we first assessed the quality of two ALS
coverages that subsequently were used as ALS-Validation Points to validate the historical
DSM series.

https://centrodedescargas.cnig.es/
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2.5.1. ALS Processing for DSM Generation

The LAScatalog tool implemented in the open-source package lidR (version 4.0.2) of
R statistical software [25] was used to process ALS data to generate DSMs. The LAScatalog
processing engine’s functionality allowed us to apply a processing routine in the area of
interest without having to load the ALS cloud collection into CPU memory, allowing us to
process high-density datasets quickly. The processing included the fusion of ~234 million
spatialized points into 68 ALS sheets and ~341 million into 63 ALS sheets for the 2014 and
2019 series, respectively, as well as noise removal and the extraction of seven coverage
classes for both series over the recognized surfaces in the study area (bare ground, low,
medium, and high vegetation, buildings, water, and surfaces reserved by the American
Society of Photogrammetry and Remote Sensing, ASPRS).

Then, we generated DSM series derived from the classified ALS clouds using the
Inverse Distance Weighting (IDW) interpolation method on 1 m × 1 m grids and saved
them in TIFF format in the ETRS89 UTM zone 31 coordinate system.

2.5.2. Historical Aerial Photograms SfM & MVS Processing DSM

The SfM-MVS method was used to generate point clouds and based upon them, DSM
and orthomosaics series from a set of historical aerial photographs taken in 1945, 1979,
1984, and 2008. The SfM-MVS process was carried out using the commercial software
Agisoft Metashape Professional [60] version 1.7.2 build 9097, 64-bit, and a Python module
for MetashapeTools (https://github.com/envima/MetashapeTools/ accessed on 1 April
2022) provided by [61].

SfM Process to Generate Optimized Sparse Cloud

Prior to SfM startup, the sets of photographs were ingested, the fiducial marks on the
edges of the photographs were masked, the xyz coordinates represented by the centroids of

https://github.com/envima/MetashapeTools/
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each photograph were imported, and the image quality (IQ, range 0–1) of each photograph
was estimated based on the degree of sharpness. As a result, no photograph had an IQ
estimate lower than 0.84, so it was unnecessary to eliminate photographs since Metashape
specifications recommend using only photographs with an IQ greater than 0.5.

The SfM process started with the estimation of the raw sparse clouds produced by
image alignment, which included specific Metashape algorithms for aerial triangulation
(AT) and block bundle adjustments (BBA). To find tie points in multiple overlapping and
randomly acquired photographs, both algorithms rely on feature extraction and feature
matching. Image alignment was set to “high” for the 1945 series, “medium” for the 1979
and 1984 series, and “highest” for the 2008 series in order to obtain accurate estimates
of camera position for each photograph in each series. As a result, we obtained sparse
clouds projected in photogrammetric coordinates that lacked the actual scale, orientation,
and position.

The sparse clouds were georeferenced into the same coordinate systems as the corre-
sponding image set, WGS84 (1945 series) and ETRS89 UTM zone 31 (1979, 1984, and 2008
series), by interactively marking the GCPs on the photographs (Section 2.4). Due to the low
accuracy of the photographs’ telemetry data, we first deactivated it during the process. The
GCPs were then interactively placed on at least two to three photographs of the 1945 series,
three to four photographs of the 1979 and 2008 series, and four to five photographs of the
1984 series. The sparse clouds were linearly transformed using the transform update tool,
with a similarity transformation of 3 for translation and 1 for rotation. In this process, we
randomly grouped 70% of GCPs into the Control Points sample and 30% of GCPs into the
Check Points sample to validate the geolocation accuracy of the sparse clouds.

Estimation of camera orientation is frequently inhibited in SfM due to the low accuracy
and spatial distribution of tie points, resulting in nonlinear deformation in the georeferenced
sparse cloud [62]. Tie points can be arbitrarily removed to resolve this effect, but doing so
risks affecting the quality of the 3D transformation process. In this study, as an alternative,
we used an iterative optimization method to improve sparse cloud accuracy by removing
points that exceeded a certain error and reoptimizing the camera position [61]. The process
starts with conservative filtering of the quality attributes of the sparse cloud (see [60] for a
detailed description of the quality attributes of the sparse cloud), with the maximum values
of the reprojection error (RE), reconstruction uncertainty (RU), and projection accuracy
(PA) thresholds set to 1, 50, and 10, respectively. The next step is the iterative optimization
of camera parameters and camera positions. The process ends with a dynamic search for
the RE threshold value, using tie points from the filtered sparse cloud that have minimal
reprojection errors as the unique candidates. As a result, the RMSE between the observed
coordinates of the Check Points and the estimated point of the sparse cloud is minimized.

In SfM, we created the orthomosaics series based on 2.5D meshes interpolated by the
points of the optimized sparse clouds using the Triangulation Irregular Network (TIN). The
orthomosaics were saved as TIFF format images in 1 m × 1 m grids in the ETRS89 UTM
zone 31 coordinate system.

MVS Process to Generate Dense Point Clouds and DSM

Using the MVS method, we produced dense clouds from optimized sparse clouds.
Since the “image quality” parameters and the “depth map” filters in the Metashape software
determine how well dense cloud reconstructions turn out, we selected 3D reconstruction
settings to reduce geometric errors in each series. Thus, for the 1945 and 1984 series and
for the 1979 and 2008 series, we used the image quality levels “medium” and “high,”
respectively. Given the high noise presented by the black and white image series, we
kept the depth filtering level at “aggressive” to minimize the estimation of suspect points.
We opted to keep the “mild” depth filtering level for the 2008 RGB series due to better
photogrammetric quality. Due to excessive noise production at the “ultrahigh” image
level, it was decided to exclude it from the analysis. Additionally, we estimated confidence
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thresholds at each point in the dense clouds and removed those with the lowest levels of
confidence (0–1 within a range of 0–255).

In order to create an hDSM series, the dense cloud series were rasterized in Metashape
using the IDW interpolation method on 1 m × 1 m grids. The DSMs were then saved in
TIFF format in the ETRS89 UTM zone 31 coordinate system.

2.6. Quality Assessments
2.6.1. ALS-Derived DSM

We evaluated the accuracy of the DSMs derived from the official ALS cloud products
using high-precision GNSS-Validation Points obtained from GNSS readings (see Section 2.3).
To do so, we computed linear regressions, comparing the observed GNSS-Validation Points
to those predicted by the 2014 and 2019 DSM based on ALS, and we assigned these
products a measurement quality score using the coefficient of determination R2 and MAE
(Mean Absolute Error). MAE is a widely used metric for (regression) model evaluation in
geosciences [63] and is defined as the average absolute difference between the predicted
and observed values.

2.6.2. Aerial-Photographs
Optimized Sparse Cloud in SfM

To assess the measurement accuracy of the optimized sparse clouds of the historical
photogrammetric series, the reprojection root mean square error (RMS RE) and check points
RMSE estimates were used. The RE sparse cloud attribute was estimated by measuring
the distance in pixels between the projected image point at a reconstructed 3D point and
the original projection of that 3D point detected in the images. This metric serves as the
foundation for the sparse cloud reconstruction procedure. The Euclidean distance between
the check point coordinates depicted by DSM-ALS and those predicted during the iterative
process of georeferencing the sparse cloud was used to calculate the check point RMSE.
We compared the optimized sparse clouds to the raw clouds to assess the effect of the
optimization method on SfM using RMS RE and check point RMSE.

Global Quality Assessment and Calibration of SfM-MVS DSMs

We calculated linear regressions between the observed ALS-Validation Point values (see
Section 2.4) derived from the best DSM-ALS (2019) accuracy assessment (see Section 2.6.1)
and the values predicted by the photogrammetric DSMs to assess their accuracy. The Leave
One Out Cross-Validation (LOOCV) approach (caret R-package) was used to improve the
elevation accuracy and produce a series of historical DSMs adjusted to the elevation values
of the official DSM-ALS 2019 series. This method was based on calculating the different
positions of the slope and intersection coefficients (x = y) between the photogrammetric
DSMs and DSM-ALS 2019 and then applying these coefficients to the full resolution of
the photogrammetric DSMs to calibrate them. To provide precision quality values to the
resulting photogrammetric DSMs, we use the coefficient of determination (R2) and Mean
Absolute Error (MAE).

2.6.3. Local Quality Assessment of DSMs Series

Although MAE and R2 provide an overall quality value for the resulting DSMs, it
may not be informative of the spatial distribution of the DSM error; elevation models, by
definition, have spatial behavior, as does their error. This means that systematic, random,
or coarse elevation errors are frequently spatially autocorrelated [62]. Hence, we quantified
the Local Moran Index (raster R-package) to map, identify, and evaluate elevation errors or
patterns at the local level.

All the procedures and calculations (Figure 4) were run on a standard desktop com-
puter equipped with an Intel (R) Core (TM) i7-8700 CPU @ 3.20GHz processor and 32 GB
of RAM.



Remote Sens. 2023, 15, 2044 9 of 24

Remote Sens. 2023, 15, x FOR PEER REVIEW 9 of 26 
 

 

Global Quality Assessment and Calibration of SfM-MVS DSMs 
We calculated linear regressions between the observed ALS-Validation Point values 

(see Section 2.4) derived from the best DSM-ALS (2019) accuracy assessment (see Section 
2.6.1) and the values predicted by the photogrammetric DSMs to assess their accuracy. 
The Leave One Out Cross-Validation (LOOCV) approach (caret R-package) was used to 
improve the elevation accuracy and produce a series of historical DSMs adjusted to the 
elevation values of the official DSM-ALS 2019 series. This method was based on 
calculating the different positions of the slope and intersection coefficients (x = y) between 
the photogrammetric DSMs and DSM-ALS 2019 and then applying these coefficients to 
the full resolution of the photogrammetric DSMs to calibrate them. To provide precision 
quality values to the resulting photogrammetric DSMs, we use the coefficient of 
determination (R2) and Mean Absolute Error (MAE). 

2.6.3. Local Quality Assessment of DSMs Series 
Although MAE and R2 provide an overall quality value for the resulting DSMs, it 

may not be informative of the spatial distribution of the DSM error; elevation models, by 
definition, have spatial behavior, as does their error. This means that systematic, random, 
or coarse elevation errors are frequently spatially autocorrelated [62]. Hence, we 
quantified the Local Moran Index (raster R-package) to map, identify, and evaluate 
elevation errors or patterns at the local level. 

All the procedures and calculations (Figure 4) were run on a standard desktop 
computer equipped with an Intel (R) Core (TM) i7-8700 CPU @ 3.20GHz processor and 32 
GB of RAM. 

 
Figure 4. Diagram of the optimized workflow proposed in the study. Yellow boxes depict ground-
truth data (GNSS) to validate ALS, GCPs to georeference and validate SfM, and ALS data to validate 
hDSM. White boxes, diamonds, and circles represent SfM and SVM processing operations and 
intermediate products. The blue boxes depict the systematic evaluation of the SfM-MVS flow and 
the final evaluation of the calibrated hDSM. 

  

Figure 4. Diagram of the optimized workflow proposed in the study. Yellow boxes depict ground-
truth data (GNSS) to validate ALS, GCPs to georeference and validate SfM, and ALS data to validate
hDSM. White boxes, diamonds, and circles represent SfM and SVM processing operations and
intermediate products. The blue boxes depict the systematic evaluation of the SfM-MVS flow and the
final evaluation of the calibrated hDSM.

3. Results
3.1. ALS-Derived DSM

Raw ALS data used in this study was composed of two sets of point cloud sheets (2014
and 2019 coverages) of 2 × 2 km, encompassing the pilot study area described in Section 2.1.
These were used to obtain two ALS-derived DSMs at 1 m spatial resolution (pixel size),
following the procedure described in Section 2.5.1. Validation of ALS-derived DSMs was
made by comparing point z values with GNSS-Validation Points. We found a very strong
(R2 > 0.99) agreement between GNSS data and both DSMs (2014 and 2019), highlighting
the reliability of both coverages of Spanish PNOA ALS data after the application of a very
rudimentary quality control procedure (error/noise removal protocol) (Section 2.5.1).

PNOA official metadata for Spanish ALS coverages estimates the overall elevation
RMSE of the Balearic archipelago’s point clouds at 0.2 and 0.15 m, respectively, for the 2014
and 2019 flight campaigns (https://pnoa.ign.es/web/portal/pnoa-lidar/ (accessed on 1
July 2022). These figures are similar to those obtained for our study area, shown in Table 1.
The 2019 ALS-derived DSM outperformed in terms of elevation accuracy (z error), due
to its greater point density (341 million points, 1 point/m2), compared to 2014 ALS point
cloud characteristics (234 million points, 0.5 points/m2). Thus, the uncertainties and errors
inherent to the interpolation (IDW) process to derive the DSM are of lesser importance
in the case of the 2019 ALS coverage, since for each pixel of the DSM (the objective is to
obtain a DSM of 1 m pixel size), there is a corresponding point cloud elevation value to
include in the calculations. This feature makes the 2019 ALS-derived DSM error rate drop
compared to the 2014 ALS; therefore, the former was considered our ALS-Validation Points
for comparison purposes and for assessment of the quality and accuracy of the SfM-derived
hDSM series.

https://pnoa.ign.es/web/portal/pnoa-lidar/
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Table 1. LiDAR-ALS-derived DSM accuracy assessments regarding GNSS measurements.

Series R2 Elevation MAE
(m)

Elevation
RMSE (m)

RMSE Z (m)
ALS Official

PNOA

LiDAR 2014 0.9991 0.20 0.45 0.20
LiDAR 2019 0.9997 0.17 0.26 0.15

3.2. Optimized Sparse Cloud in SfM

Prior to calculating the hDSM series from SfM-MVS, four different sets of historical
aerial photographs (1945, 1979, 1984, and 2008 survey flights) were used to generate the
corresponding sparse clouds in SfM (see Section 2.5.2). The image alignment procedure
estimated raw sparse clouds from tie points of 13,700 (1945), 157,548 (1979), 78,351 (1984),
and 85,207 (2008), with RMS RE ranging from 2.148 px for the 1945 series to 0.192 px for the
2008 series (Table 2). The MAE of these sparse raw clouds compared with check points was
372.7 m (1945), 2856.5 m (1979), 4595.5 m (1984), and 95.3 m (2008) in elevation (z) values.

Table 2. Summary of error statistics for the SfM raw and optimized Sparse Clouds.

Raw Sparse Cloud

Series Photographs
(nb.)

Precision
Alignment Tie Points (nb.) R2 Elevation MAE

(m)

RMS
Reprojection

Error (px)

1945 5 high 13,700 0.157 372.7 2.148
1979 42 medium 157,548 0.311 2856.5 1.032
1984 29 medium 78,351 0.372 4595.5 1.441
2008 59 highest 85,207 0.986 95.3 0.192

Optimized Sparse Cloud

Series GCPs (nb.) Filtered Tie
Points (%) Tie Points (nb.) R2 Elevation MAE

(m)

RMS
Reprojection

Error (px)

1945 61 31.01 9451 0.583 8.47 1.259
1979 80 8.80 143,683 0.996 1.12 0.822
1984 88 7.08 72,802 0.994 1.52 1.339
2008 92 0.54 84,740 0.994 1.25 0.189

The sparse cloud optimization process produced optimal RE thresholds of 0.24 (1945),
0.13 (1979), 0.25 (1984), and 0.10 (2008), which removed 31.01% (1945), 8.8% (1979), 7.08%
(1984), and 0.54% (2008) of suspect tie points and improved the RMS RE for all series, though
the reduction was greater (about 1 px) in the case of the optimized 1945 sparse clouds
(Table 2). The importance of this step is also demonstrated in Figure 5, where significant
elevation errors (check points RMSE) recorded in the raw sparse clouds are drastically
reduced (two and three orders of magnitude, depending on the flight considered) in the
optimized sparse clouds. This occurred as expected, especially when considering the control
point RMSE, which was very close to 0 in all cases. When check point errors are considered,
the improvement is also significant (RMSE 1.6 m in the 1979, 1984, and 2008 optimized
sparse clouds). The 1945 optimized sparse cloud is an exception, as it still has a check point
RMSE in z of around 10 m.

The most significant improvements in modelled elevation values were observed
for the 1979 and 1984 coverages: correlations with check points skyrocketed (R2 ≈ 0.3 to
R2 > 0.99) and elevation errors decreased greatly (MAE > 2800 m to MAE ≤ 1.52 m). The
raw 2008 sparse cloud had the highest accuracy among the non-optimized clouds, so its
improvement after optimization was modest. Nevertheless, when compared to the raw
cloud, the optimized 2008 sparse cloud reduced the elevation MAE by more than 94 m. The
results for the 1945 optimized sparse cloud are unsatisfactory: correlations with check points
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improved but appear insufficient (R2 = 0.58). The same can be said about the MAE elevation
(from 372 m to 8.47 m). The low accuracy of the 1945 sparse clouds is understandable, given
the small number of photographs (5) and overlap (summarized by the quality attribute
Image Count (IC) of the tie points) between them (see Figure S1) available in the 1945 data
set (see Figure 2). In summary, an increase in elevation accuracy in terms of MAE and
an improvement in RMS RE in Figure 6 demonstrate the critical importance of the sparse
cloud optimization stage for this study.
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3.3. Calibrated DSMs Derived from Aerial Photography

We generated MVS dense clouds for each series in Metashape by combining the
“medium” (1945–1984 series) and “high” (2008 series) image quality options with the
“Aggressive” and “Mild” filtering options, respectively. The computational load increased
significantly, as expected, from ~8 m for the 1945 black and white series to ~10 h for
the 2008 RGB series. Likewise, the density of cloud points increased from 9 × 106 to
359 × 106. Filtering points with confidence values between 0–1 reduced dense clouds by
6.81% (1945), 19.03% (1979), 12.78% (1984), and 11.92% (2008), resulting in MAE eleva-
tion values of 8.22 m (1945), 1.74 m (1979), 1.58 m (1984), and 0.91 m (2008) compared to
ALS-Validation Points (Table S1).

After the interpolation (IDW) of dense clouds z values for DSM series rasterization,
DSM elevation values underwent a calibration process (see Section 2.6.2), being adjusted to
the ALS-Validation Points. This procedure contributed to another substantial improvement
of the proposed workflow by reducing elevation errors in three of the four photography
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datasets (Table 3): from 7.75 m to 5.21 m (1945 DSM), from 0.87 m to 0.71 m (1984 DSM),
and from 0.43 m to 0.41 m (2008 DSM). Unexpectedly, elevation MAE of the 1979 DSM
increased after calibration by 0.53 m. This issue will be the subject of further reflection and
comments in the discussion section.

Table 3. Quality statistics of the calibrated SfM DSMs.

Series R2
Non Calibrated
DSM Elevation

MAE (m)

Equation
(DSM–

INTERCEPT)/Slope

Calibrated
DSM Elevation

MAE (m)

1945 0.4907 7.75 (DSM–4.272)/1.124 5.21
1979 0.8942 1.14 (DSM–1.919)/0.901 1.67
1984 0.9880 0.87 (DSM–0.456)/1.035 0.71
2008 0.9966 0.43 (DSM–(−0.065)/0.991 0.41

3.4. Quality Assessments of the DSM Series

The results of the quality assessment of the generated hDSM series are shown in
Table 4. The four most recent datasets, including historical photographs and ALS as source
information (1984, 2008, 2014, and 2019), exhibit quite acceptable quality features, making
them a reliable source of spatially distributed elevation information. In these four cases,
correlations between the hDSM and its respective ALS-Validation Points are very high
(R2 > 0.98), and the MAE in z remains below 0.71 m in all cases. All this means that the
proposed workflow is capable of obtaining accurate and high quality hDSM series over
a time span of almost 40 years (1984–2019) and with a wide range of applications. The
1979 DSM also presents good quality features and accuracy (R2 = 0.89 against validation
and MAE below 1.7 m), which also makes it a fairly reliable dataset for certain tasks
and applications. As expected, (see Section 2.2), the worst performance of the quality
assessment was obtained by the 1945 dataset, showing moderate correlation (R2 = 0.5) with
the ALS-Validation Points and an elevation MAE above 5 m.

Table 4. Summary of the quality assessment of hDSM series. * Depict ALS-Validation Points (2019
LiDAR DSM). ** Depict GNSS-Validation Points, GNSS in situ measurements.

hDSM Series Elevation MAE
(m)

Global Moran
I.

Global Geary
I.

Mean Local
Moran I.

Gridded Point
Cloud Density

(pts/m2)

Nominal Point
Spacing (m)

1945 * 5.21 0.9987824 0.0001006437 0.9998985 0.036 5.259
1979 * 1.67 0.9982829 0.0009161929 0.9990812 0.373 1.637
1984 * 0.71 0.9987716 0.0003064591 0.9996913 0.140 2.665
2008 * 0.41 0.9975945 0.001429191 0.9985678 0.686 1.206
2014 ** 0.20 0.9951387 0.003908876 0.9960857 0.318 1.773
2019 ** 0.17 0.9934609 0.00558239 0.9944128 0.601 1.290

Spatial global autocorrelation statistics (i.e., Global Moran’s I and Global Geary’s C)
show values near to perfect correlation (Moran’s I positive and close to 1, Geary’s C close to
0) for the four most recent datasets (1984, 2008, 2014, and 2019) (Table 4), meaning that these
hDSM (and ALS-derived DSM) are spatially coherent and free of artifacts and systematic (or
random) errors. The great performance of the 2008 DSM is noteworthy, which features the
best global autocorrelation statistics among all considered DSMs and also has the greatest
gridded point cloud density (0.686 pts/m2, even higher than those corresponding to the
2019 and 2014 ALS-derived DSMs).

Local autocorrelation maps for the six generated DSMs (Figure 7) show the degree
to which one areal unit is autocorrelated relative to its neighbors. The analysis clustered
DSM elevation values according to the resemblance of each pixel to its neighbors, grouping
pixels in three main categories observed in the six DSMs: i) Moran’s I ≥ 0.5 and ≤ 1.5 (ochre
color in Figure 7 maps), very low (even below sea level) and flat areas with very small
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topographic variations corresponding to crop fields and salt lakes; ii) Moran’s I ≥ −0.5 and
≤ 0.5 (green color in Figure 7 maps), areas with gentle slopes covered by natural vegetation
(pinus halepensis forests); iii) Moran’s ≥ 2.5 (red color), steeper slopes covered by natural
vegetation (pinus halepensis and shrubs) or urban land use. Moran’s I values between 1.5
and 2.5 (orange color in Figure 7), only recorded in the 1945 and 1979 DSMs, correspond to
artifacts and deformities caused by the insufficient quality of the photographs involved
since they are only present in these two datasets and do not correspond to actual changes
that occurred in the topography of the study area in recent decades.
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As well as the aforementioned errors, more evident artifacts and outliers can be
observed in the depiction of Local Moran’s in the 1945 and 1979 DSMs: (i) the insufficient
overlapping and coverage of the 1945 photograph dataset directly caused the impossibility
of generating the 1945 DSM in the westernmost sector of the study area (a line cutting
the DSM can be observed in Figure 7); (ii) in two olive crop fields, an anomalous butte-
shaped “topography” appears in the middle of the 1945 DSM (see Figure S2); and (iii) sinks
and crater-shaped artifacts can be randomly found across both the 1945 and 1979 DSMs.
Nevertheless, the four remaining DSMs (1984, 2008, 2014, and 2019) look free of anomalies,
artifacts, or deformities, as corroborated by the spatial autocorrelation analysis.

The overall picture of DSM series quality, combining an accuracy metric with a point
density metric, is summarized in Figure 8. Two relationships between the nominal point
spacing (density metric) and elevation (z) MAE (accuracy metric) can be observed: (i) for
the four most recent image datasets (1984, 2008, 2014, and 2019), the ratio of increase in
elevation error with respect to point spacing is roughly 1 to 3 (for each 3 m of point spacing
increase, elevation error grows by 1 m); (ii) for the two oldest datasets (1945 and 1979),
the ratio is 1 to 1, highlighting the use limitations of the two oldest datasets. In the case
of the 1945 DSM, it is clear that the handicap of having only five photographs available
resulted in a very low point density (nominal point spacing > 5 m) that sharply decreases
the accuracy (see Figure S1). Altogether, this means that an increase greater than 3 m in
point spacing has critical consequences for the DSMs’ accuracy level and, therefore, the
DSM is unable to retain small topographic variations, as occurred with the 1945 DSM.
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3.5. Historical DSM Series Showcase

The final products of the proposed workflow (i.e., the optimized and calibrated histor-
ical DSM series) are shown in Figure 9. As expected, DSM generated with the most recent
datasets (1984 and 2008 historical image sets and 2014 and 2019 ALS coverages) show very
good agreement, recognizable and coherent patterns, and look artifact-free in an overall
view. On the contrary, evident errors and artifacts can be observed in the 1945 and 1979
DSMs. In addition to not being able to generate the 1945 DSM in the westernmost sector,
elevation estimation by the model in this area is also poor, featuring coarse errors and
abrupt topographic changes that are not real as a consequence of the insufficient overlap-
ping between images in these areas (Figure S1). In the Southern end of the 1945 DSM, an
“artificially created” sinking of the topography is clearly observable in a number of areas
with false topographies below 1 m.a.s.l. We hypothesize that this is another consequence of
the scarce number of images involved in the calculations of the sparse clouds in these areas
or issues with image texture/contrast difficulty in the calculation of the tie point during the
sparse cloud generation. Moreover, the errors appearing randomly across the study area
and detected by the autocorrelation analysis in the previous section are seen in the 1945
and 1979 DSMs as areal (1945) and punctual sinks (1979) (dark green color in Figure 9).

For illustrative purposes, Figure 10 shows an elevation transect comparison among
the six DSMs, corresponding to a representative sector of the beach-dune system (covering
the emerged beach, the foredune, and the dunes) that underwent several changes between
1945 and 2019. Among these changes, an evident process of revegetation and densification
is observable throughout the sequence of orthomosaics, especially after the tree removal
process captured in the right part of the photographs, created by flooding between 1945
and 1979.

The ‘artificially smoothed’ topography generated by the coarse point density of the
1945 DSM (nominal point spacing > 5 m) is clearly observable in the (gray) profile graph,
and although this DSM manages to retain the overall variability of the transect, it fails
to reproduce fine-scale changes and details (canopy cover and microtopography). The
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1979 DSM is also able to retain the large-scale topographic pattern, although it presents
constant underestimations of elevation values across the transect, probably caused by the
artifacts detected by the spatial autocorrelation analysis previously described (Figure 7).
The same is applicable to the 1984 DSM transect, although underestimations were observed
for canopy (pine forest) elevations (60–100 m transect lengths). This issue could be related
to the dark coloring (low brightness and contrast) of images in the 1984 data set, which
appear almost black in the pine forest area: in these areas, the limits of the tops of the
trees are indistinguishable, and the software has difficulties calculating elevation references
(tie points). Transect graphs corresponding to the 2008, 2014, and 2019 DSMs show great
agreement among them, with the most notable differences observed in vegetated sectors,
where the growth and densification of vegetation that occurred between 2008 and 2019 can
be identified.
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Figure 9. Elevation of historical DSM series superimposed on hillshade layers and 3D view (or-
thomosaics superimposed on the corresponding DSM) of a selected sector (Ses Covetes) within
the study area.
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Figure 10. Transect comparison among the generated DSM series and corresponding overview in the
historical orthomosaics.

4. Discussion

In this study, we proposed, tested, and quality assessed an optimized SfM-MVS
workflow for the generation of DSMs using historical photograph series (1945, 1979, 1984,
and 2008) and two ALS coverages (2014 and 2019). The objectives were (i) to obtain high
resolution (1 m pixel size) and high-quality hDSM series based on these photographs,
minimizing errors present in the original data sets (i.e., georeferencing and reprojection)
or generated during the implementation of the workflow (elevation calibration); and
(ii) to evaluate those errors in order to assess the quality of the obtained products (hDSM
series). We aimed for optimization in terms of the accuracy of the product generated
and also in terms of saving computer processing time. The design of the workflow (see
Figure 4) was intended to be reproducible and applicable in other spatial settings [64]. The
numerous potential uses and applications of the hDSM series have increased interest in
SfM-MVS methodologies in recent years, and many examples of SfM-MVS workflows used
for historical hDSM generation can be found in the literature [38,40,42,65]. Nevertheless,
photogrammetric use of the Spanish historical photograph archive has been scarce to
date [49].

The reasons for choosing this study area are also related to its remarkable geomorpho-
logical dynamism (many potential changes occurred in the shorelines, beaches, and dunes
during the studied period [52]) and the limited altitudinal gradient. The coastal fringe also
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introduced limitations for GCP’s capture and made this task impossible over the sea (which
covers a significant portion of many photographs). These three features, together with the
characteristics of the set of historical photographs, challenged the implementation of the
SfM-MVS methodology and conditioned the quality of the photogrammetric hDSMs [66].
The testing of the optimized workflow in this pilot area allowed us to unveil errors and
artifacts eventually associated with low-elevation areas (and of limited elevation gradient),
many of them below sea level. This low elevation gradient together with the presence of
the sea affected the generation and quality of the 1945 and 1979 DSMs, limiting GCP’s
capture and the recognition of tie points.”

4.1. ALS-Derived DSM

The LAScatalog processing engine [25] has been demonstrated in this study to be a
very useful tool for designing processing routines for large LiDAR sheet sets for a complete
ALS cloud acquisition, without the need to load them onto the CPU. Furthermore, with
only a few short lines of open-source code based on R statistical software, the LAScatalog
framework allows the generation of automated workflows for DSM generation, which are
thus reproducible for different time series or applications in other environments [64]. All
these factors, combined with the availability and trustworthiness of official and ASPRS
standardized ALS cloud data (in our case, the 2014 and 2019 ALS PNOA coverages),
provided us with the opportunity to develop a workflow based on the fusion of millions
of points, error/noise removal, coverage extraction, and IDW interpolation of points for
the generation of very high accuracy DSMs. However, the lower ALS point density of the
2014 coverage resulted in lower MAE elevation accuracy than that of 2019. As a result, the
lower the density, the lower the accuracy of the reconstructed model, resulting in higher
uncertainty and errors inherent in the interpolation process (IDW) to derive a DSM in lower
density areas. If accuracy in terms of MAE and density metrics are both expressed as DSM
quality criteria, the ALS 2019 will be considered valid as a reference product (ALS-Validation
Points) to assess the quality of the SfM-MVS-derived hDSM series [38–40,58]. In fact, the
Balearic archipelago’s RMSE of ALS elevation is comparable to our ALS-derived 2019 DSM.
Our results supported the use of ALS-derived DSM to validate the quality of the hDSM
series, particularly in large [13,40] and difficult-to-reach pilot areas [7,9].

4.2. Error Sources and Steps Prior to SfM

The poor quality of older images as well as the parameters and timing of photographic
acquisition during aerial surveys handicapped the successful implementation of the SfM
workflow presented in this study. In older photographic series, the lack of camera calibra-
tion parameter information may have resulted in systematic non-linear errors due to poorly
resolved lens distortion [38]. Even after scanning for analogue-to-digital conversion, older
photographs show signs of deterioration such as scratches of varying brightness, darkened
areas, or blurred and fogged effects. This was mirrored in the 1945, 1977, and 1984 series,
where high contrast areas such as the beach-dune system tend to estimate tie points with
unequal elevations. Since the aerial surveys were not intended to collect photographs for
SfM-MVS purposes [43], the 1945 and 1977 series had a low percentage of side and frontal
overlap, resulting in tie point gaps in areas of low overlap for 1977 [40] (Figure S1). We
were only able to align five out of seven photographs that minimally overlapped in the
area of coastal orientation change for the 1945 series, resulting in a low density of tie points.
Furthermore, the presence of the sea in nearly half of the five photographs reduces the
effectiveness of the percentage overlap. The overlapping characteristics of the PNOA 2008
series are very well suited to the SfM concept, resulting in a very dense sparse cloud.

In addition to photograph overlap, the ground sample distance, flight height, changes
in camera orientation, and acquisition scale vary from series to series, having an influence
on 3D geometric quality and resolution [42]. Taking the higher flight height of the 1945
survey as an example, the lower resolution combined with poorer photographic quality
translates into lower accuracy in the sparse cloud reconstruction. Alternatively, changes in
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camera orientation detected for the same series may affect the illumination in some areas of
the images, affecting the estimation and quality of the tie points [39]. Other factors, such as
environmental conditions (sun angle, elevation, meteorology, and atmospheric conditions)
and the dynamic environment in which the photographs are captured, can degrade the
quality of the 3D reconstruction [59].

Additional steps that must be considered to improve the SfM approach include the
masking of fiducial marks from black and white photographs scanned at high pixel res-
olution in 8 bits and the extraction of telemetric data represented by each photograph’s
centroid (x, y, z). The masking of fiducial marks is critical to ensuring that the BBA and AT
algorithms do not estimate suspicious tie points at photograph edges [42,49,64,67–69]. Since
the scanned photographs lacked scale and a coordinate system [40], the telemetric data (x,
y, z) had to be extracted from the georeferenced photographs with geometric deformations
and stretching [42,49], so the central pixel represented by the centroid of each photograph
was subject to positional uncertainties. However, using these centroids to align the scanned
photographs was preferable in our case for two reasons: (a) previous tests showed that
aligning georeferenced photographs estimated extremely poorly projected sparse clouds;
and (b) the SfM approach has the advantage of orienting, scaling, and transforming the
sparse cloud during the georeferencing process (using the coordinates of the GCPs) without
the need to enable the telemetry data of each photograph. This means that the georef-
erenced sparse cloud does not inherit the centroids’ positional uncertainties, and it also
avoids the use of photographs with geometric deformations in the SfM pipeline. Overall,
the estimation of the sparse cloud series from 1945 to 2008 demonstrates the SfM pipeline’s
ability to deal with the aforementioned factors, even without the need for geo-referenced
photographs or background information on camera parameters [70].

4.3. Optimized Sparse Cloud in SfM

Given the obvious differences in photogrammetric qualities (photo quality, overlap,
number of photographs, available GCPs, etc.) and environmental conditions of each series,
it is critical to test the image quality parameters in the “image alignment” Metashape process
prior to optimizing the sparse cloud in SfM to find a suitable relationship between the
accuracy of the raw sparse cloud and the number of estimated tie points. Despite the low
photogrammetric quality of the 1945 series (Figure S1), the software was able to estimate a
reasonable number of tie points. The “higher” image quality setting increased the number
of estimated tie points at the expense of increased bias. The “high” image quality provided
the best fit in accuracy vs. estimated tie points for 1945, but it still showed signs of acute
inclination, as seen in other 1941 [42] and 1969 [40] coastal series. This happened not
only with the 1945 series but also with the 1979 and 1984 series, so we had to lower
the image quality to “moderate” to avoid geometric deformations. When we used the
“higher” image quality, the higher photogrammetric quality presented by the 2008 series
contributed to the BBA and AT algorithms estimating the less biased raw sparse cloud.
Hence, the photogrammetric quality of the series presented here influences the image
quality adjustments in the “image alignment” process.

In addition to the georeferencing process, a key factor in reducing the sparse cloud
bias was the complete replacement of the arbitrary tie point by an optimization method
based on iterative sparse cloud filtering [57]. This procedure is critical, since sparse clouds
are the base product for 3D reconstruction, DSM, and orthomosaic generation. However,
for this process to achieve sparse cloud bias reduction, GCP spatial distribution and
accuracy must be consistent (see Section 2.4) [40,64]. Considering that the photographs’
centroid coordinates are inaccurate, it is critical to disable their telemetry before interactively
marking GCPs on the photographs. Otherwise, the linear transformation of the sparse
clouds is not resolved by the similarity transformation of three translation and rotation
parameters and one scale parameter in the georeferencing process. By iteratively filtering
suspicious tie points, the optimization method supplemented the georeferencing process
by reducing bias and improving the RMS RE of all sparse clouds. We observed that as
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the photogrammetric quality of the series increased, the magnitude of tie point filtering
decreased, but this did not translate into a further reduction in bias (see Table 2). The best
MAE and R2 improvements compared with check points were found when the optimal RE
threshold reduced the 1979 and 1984 sparse clouds by 7.8 and 8.8%, respectively. Even
after 31% sparse cloud filtering, the accuracy values for 1945 were not comparable to
the other series, indicating that SfM performance is poor when only a small number of
low-overlapping input photographs are available [64,67]. The modest improvement in the
2008 series could be attributed to the small percentage of filtered tie points (0.54), indicating
that higher photogrammetric quality preserves a greater number of tie points with optimal
RE values for 3D modeling.

The greater number and spatial distribution of GCPs in the 1979–1984 series (between
80 and 92 GCPs) compared to 1945 (61 GCPs) may have influenced the improvement
of sparse cloud geometric accuracy [40]. Even though the bias of all sparse clouds had
been reduced, the remaining error in the MAE check points could be attributed to the
difficulty in identifying and locating objects in photographs by interactive tagging of
GCPs [39,42,43,67,68]. Depending on the orientation of the photograph, objects may be
displaced. The strategy of using GCPs extracted from ALS-derived 2019 DSM coordinates
was appropriate due to their high resolution and accuracy [38,40]. However, digitizing
GCPs in beach-dune systems for historical series is a difficult, error-prone, and time-
consuming task because only elevation points stable for 74 years can be considered, and
areas near the sea and beaches limit the number of valid GCPs [39,42].

4.4. Dense Clouds and Calibrated DSMs Derived from Aerial Photography

The quality of 3D reconstruction via MVS is determined by the quality of the opti-
mized sparse clouds in SfM as well as the ability of the MVS method to be successfully
applied [39,43]. The SfM-MVS method used here demonstrated the ability to obtain suffi-
cient resolved data coverage to assign a quality value to the historical DSM series. In terms
of computational load time (see Table S1), MVS allowed estimating dense clouds (between
9.1 and 359.3 million points) between ~9 m and ~10 h. The differences in MVS-estimated
dense cloud series were mainly due to the combination of image resolution and depth
map settings [39]. The point density achieved by the 2008 series was higher than that of
the ALS PNOA series with the “high” image quality setting and “mild” depth filter. The
“high” image resolution setting produced very unreliable projected points for the lower
photogrammetric quality series (1945–1984), particularly at empty data edges and along
the shoreline. In these series, we reduced the bias by setting the image quality to “medium”
but at the expense of lower point density, indicating that higher density does not translate
into higher 3D reconstruction quality in our case.

The confidence filter reduced the bias of dense clouds and eliminated the need to
manually edit the cleanup of suspicious points. However, due to the low photogrammetric
quality of the 1945 to 1984 series, the confidence interval’s minimum and maximum values
were limited to a range of 0–4 (out of 255), limiting the resulting cloud cleaning process.
Except for 1945, the MAE elevation accuracy of the resulting MVS clouds is consistent with
previous work on coastal dunes [39]. The authors used Metashape to generate 12 dense
cloud combinations with the “highest” image resolution using a 1963 series, and the best
resulted from disabling the confidence filter and filtering the cloud confidence values in
the range 0–3.

The SfM-MVS approach used in this study demonstrated that hDSM series with a
resolution of 1 m can be generated along a beach-dune system, although this area introduced
several handicaps for implementation of the SfM-MVS. We demonstrated that the applied
calibration method has the potential to reduce elevation discrepancies between historical
DSM and ALS-derived 2019 DSM reference elevations. The magnitude of accuracy in MAE
terms, however, varied from series to series, ascending by 2.54 m for 1945, 0.54 m for 1984,
and 0.02 m for 2008; conversely, the linear correction for 1979 caused an overestimation of
elevations, resulting in an accuracy decrease in 0.54 m. We hypothesize that a calibration-
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induced increase in linear bias is caused by an uneven distribution of sea-limited GCPs
with low overlap. As a result of the skewed trajectories at both ends of the DSM, the
calibration was unable to resolve the linear elevation correction. Despite this limitation, the
calibrated 1979 DSM can be used due to its high accuracy; however, the uncalibrated DSM
is recommended. This result was similar to what was achieved by Sevara et al. [42], who
significantly improved the RMSE accuracy values for all surface series except the 1955 data
set. The authors used a calibration method based on registering historical dense clouds with
ALS point clouds using the open-source software Cloud Compare (Automated fine registration
tool). The magnitude of the 1945 linear correction applied was the greatest, but the elevation
values still have a significant bias. This reflects the low photogrammetric quality of the
series, the low quality of the photographs [42], as well as the lower availability of GCPs,
which is limited by both the presence of the sea and the number of photographs. We also
expected the 2008 DSM to have a lower bias decrease due to the higher photogrammetric
quality of the series and the good accuracy of the uncalibrated DSMs. We did not consider
linear correction because the elevation-dependent bias of the ALS-derived 2014 DSM was
not significant enough. Our findings are consistent with previous research that used
SfM-MVS to generate DSM from historical aerial photographs in coastal and volcanic
environments in Japan [41,43], coastal dunes in Northern Ireland [39], glaciers [68], coastal
areas of Sicily [42], and beach-dune systems in Australia [38,40].

We recommend calibration whenever possible to reduce elevation bias because even
after the calibration of historical surfaces, a bias still exists in relation to the 2019 ALS-
derived DSM reference elevations. This is certainly relevant when estimating volume
changes in beach-dune systems, and, as a result, a significant elevation bias affects the
estimation and interpretation of volumetric changes in beach-dune systems over time [40].

4.5. Quality Assessment of the DSM Series

As expected, the quality of the generated historical DSM series decreased as image age
increased. The outstanding performance of the 2008 DSM at the quality assessment (see
Section 3.4 and Table 4) highlights the usefulness of the recent series of orthophotographs
for the generation of reliable DSMs when ALS data is not available. This is a critical
application of the methodology, especially in regions where widespread ALS coverage is
scarce or non-existent [39].

In order to find tie points for sparse cloud generation, the algorithms rely on feature
extraction and feature matching, something that is very difficult to do when objects or
features are indistinguishable. Thus, very dark pixels do not favor the creation of accurate
point clouds, with this error being transmitted to the DSM interpolation step. Moreover,
the difficulties related to the generation of reference (tie) points for the sparse cloud in dark
(near black) areas, which mainly affect black and white emulsion images, could explain the
generation of the artifacts detected by the spatial autocorrelation analysis in the three oldest
datasets (1945, 1979, and 1984) (Figure 7, Figure S1 and Figure S2). In this sense, feature
contrast issues and degradation of the historical images (whole datasets or particular film
rolls) can have important impacts on the generation of the DSMs [42].

As aforementioned, the underperformance of the 1945 DSM can be explained by the
scarce number of photographs (five) and the low degree of overlap among them (Figure S1),
something corroborated by the nominal point spacing statistic (Figure 8). In this sense, we
might have been working at the edge of what is possible to do with just five photographs
at this spatial extent in an SfM-MVS experiment, and we possibly reached the limits of
the method. Additionally, the blurred effect present on these images (possibly caused
by instability of the camera/aircraft) generates low definition and “non-sharp” images,
generating smoothed topographies in the DSM (Figure 10). Nevertheless, although the
1945 DSM failed to reproduce details in canopy cover and microtopography at this level of
spatial resolution (1 m pixel size vs. 5 m of point nominal spacing), it might be able to work
fine at lower resolution levels (pixel size > 5 m), especially at generating DEMs instead of
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DSMs, since the 1945 DSM actually retained the general variability of the topography and
failed to reproduce canopy characteristics.

5. Conclusions

Overall, this study corroborates the usefulness of the aerial image archive for the gen-
eration of reliable reconstructions of past topography (hDSM series) via SfM-MVS methods.
Several improvements and iterations within the traditional photogrammetric workflow
were successfully implemented, considerably increasing the accuracy of the derived hDSM
series. The study also provides a comprehensive and transparent explanation of every step
of the workflow, giving recommendations for future implementations and highlighting the
challenges and issues that arose during the whole process.

The main findings of the study are summarized as follows:

1. The assumed reliability and availability of using PNOA ALS coverages in tandem with
the LAScatalog processing engine allows for the development of simple workflows to
generate valid ALS-derived DSM to validate the quality of the SfM-MVS process and
hDSM series.

2. Applied optimization and ALS checkpoint-based georeferencing improve the histori-
cal SfM-MVS workflow by providing the necessary systematic quality assessment.

3. The calibration method presented has the potential to reduce elevation discrepancies
between the hDSM series and ALS-derived 2019 DSM reference elevations.

4. The quality of hDSMs generated using recent (2008) aerial photography is equivalent
to ALS datasets in terms of point density for interpolation (hence the reachable spatial
resolution) and close in terms of accuracy (elevation error).

5. Low overlap and contrast areas in black and white images generate significant eleva-
tion underestimations due to the inability to recognize reference (tie) points.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/rs15082044/s1, Figure S1: Overlap characteristics of the historical
aerial image datasets and comparison among raw and optimized sparse cloud series; Figure S2.
Detail of the butte-shaped artifact generated in the 1945 DSM. Table S1: Summary statistics of dense
cloud series.
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