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Abstract: Digital photogrammetry is a widespread surveying technique in different fields of ap-
plication due to its flexibility, versatility and cost-effectiveness. Despite its increasing automation
and simplicity, a proper image block design is crucial to ensure high standards of performance and
accuracy. Studies on camera network design have been largely dealt with in the scientific litera-
ture with reference to image orientation process, while they are still poor on dense matching. This
paper investigates the influence of different block geometry configurations on multi-image dense
matching. Starting from the same orientation solution, dense matching was performed considering
different combinations of number of images and base length distance between the first and the last
image within a strip. The raster Digital Elevation Models (DEM) resulting from each sequence of
images were compared with a reference DEM to assess accuracy and completeness. The tests were
conducted using different cameras and at various test sites to assess different survey conditions and
generalize the findings. The presented results provide some operational guidance on block geometry
optimization to maximize the accuracy and completeness.

Keywords: dense matching; MVS; block design optimization; multi-image; camera network;
photogrammetry

1. Introduction

Digital photogrammetry is currently a well-established and widely used surveying
technique in different fields of application due to its cost-effectiveness, scalability, accuracy
and simplicity of components [1]. Close-range terrestrial photogrammetry and Unmanned
Aerial Vehicles (UAVs) are commonly used to support routine geohazard assessments for
major infrastructure corridors, construction works and mining operations. Their applica-
tion is particularly cost-effective in supporting landscape monitoring [2,3] and surveying
landslides and rock slope instabilities [4–8], particularly for extended, hazardous and barely
accessible areas [9].

Several geoscience domains use photogrammetric survey techniques to assess soil
erosion [10–12], mass movement [13–16] and coastal and fluvial morphology [17,18]. In
ecology and biology, soil geometry and conditions are investigated to infer the relationship
with vegetation, animal life [19] and climate change [20]. In the architectural and cultural
heritage domains, photogrammetry is employed to document the state of conservation of
buildings and support maintenance and restoration interventions [21–24].

Recent advances in data acquisition and processing have further enhanced the versatil-
ity and flexibility of digital photogrammetry and made it user-friendly. The availability of
a wide range of high-performance and inexpensive digital sensors ensures accurate results
even with consumer-grade digital cameras [25].
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The development of Structure from Motion (SfM) and dense matching algorithms
allows practitioners to obtain dense point clouds (comparable to those acquired by range-
based survey techniques) with high levels of automation [26]. Simultaneously, growing
computational capabilities and software developments have increased automation and
performance in the processing of large image datasets.

Nevertheless, to ensure high standards of performance and accuracy, adequate field
surveys and processing have to be properly identified accordingly to the specific field
conditions. In particular, image acquisition geometry has to be accurately investigated.
This paper investigates the influence of different block geometry configurations on multi-
image dense matching accounting for various numbers and spatial distributions of images.

The number of images framing the same area determines the redundancy of obser-
vations for the reconstruction of 3D points, and thus it affects the reliability of the survey.
At least two images are required to capture the area of interest, and applications of such
a network can be found in fixed monitoring systems [27,28]. Multi-image systems are
currently used for most photogrammetric applications [1,29], and the number of images
varies according to the site characteristics (extension, shape complexity and occlusions)
and the objective of the survey (accuracy and detail).

Previous studies have shown that the use of a higher number of images improves the
quality and accuracy of the survey [2,16]. However, given the high storage capacity and
capture-efficiency of new digital cameras and the high software and hardware processing
performance recently achieved, the risk becomes to over-capture images: the increase in
accuracy is not linearly correlated to the number of images as the benefit becomes irrelevant
above a certain number of images [30,31] and results in unnecessary computation costs.

The base length between adjacent images affects the ray intersection angle, and the
greater the angle of intersection, the greater the accuracy of the 3D point reconstruction. For
parallel axis acquisition schemes, wide base lengths result in higher accuracies, especially
in the direction of the camera axis, which is the most affected by the error. At the same time,
a proper image overlap needs to be preserved. Convergent image configurations allow
increasing the base length while maintaining the image overlap and, by improving the ray
intersection angle, strengthening the block geometry [31]. Nevertheless, the convergence
angle should not affect the perspective changes in the scene and the successful matching of
corresponding points [10].

Studies on camera network design addressing the number of images, side overlap and
intersection angle have been largely covered in the scientific literature, both from theoreti-
cal [2,31,32] and applied perspectives [16,33–37]. However, few works have considered a
wide range of different configurations and conducted a thorough examination of the impli-
cations in relation to the same number of images but with different base-lengths, varying
number of images within the same strip, symmetrical/asymmetrical capture geometry and
so forth. Previous studies mainly focused on the final accuracy of the whole photogrammet-
ric process [26], mixing the effect of image orientation and dense (multi-image) matching.
The influence of block geometry on dense matching remains a rarely investigated topic.

For this purpose, in this paper, a unique orientation solution was computed and kept
fixed to initialize all the dense matching tests, performed, instead, on different combinations
of number of images and spatial distributions. The decoupling of dense matching from
orientation allows a better understanding of its influence with respect to different multi-
image configurations. Further investigations were conducted considering different multi-
image dense-matching approaches.

Dense matching strategies have long been considered and compared in the scientific
community for the evaluation of their accuracy and general performance [26,38,39]. In
this paper, two commonly implemented approaches for dense matching (i.e., Multiview
Stereo-Matching—MVS in image space and true multi-image matching in object space)
were considered and analyzed to assess their behavior in relation to different block configu-
rations. It is worth noting that the objective of this work is not to identify the gaps of the
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algorithms used in the current software commonly applied but to assess their applicability
and efficiency in the 3D construction using different multi-view configurations.

The paper is organized as follows. Section 2 introduces the theoretical background on
the estimation of the expected accuracy and the multi-image matching algorithms alongside
the methodology adopted in this study. Sections 3 and 4 present and discuss the results,
while Section 5 presents our conclusions.

2. Materials and Methods

The influence of block geometry on dense matching was evaluated considering differ-
ent configurations accounting for a variable number of images and base lengths. The tests
were conducted using different cameras and different test sites to assess various survey
conditions and generalize the results. Two different dense-matching approaches (MVS and
true multi-image matching in object space) were considered and compared.

2.1. Test Overview

Terrestrial photogrammetric blocks consisting of one single strip of seven images
were considered to ensure a sufficient variability of image combinations. Images were
acquired in a near nadir configuration, with a slightly convergent axis to ensure about 100%
overlap between all the images in the strip and strengthen the camera network, resulting
in the reduction of systematic Digital Elevation Model (DEM) errors [40]. The maximum
base (B_max) to object distance (Z) ratio was set to avoid excessive changes in perspective
between the first and last images of the strip. This acquisition scheme (Figure 1) allowed
testing of all the possible combinations of number of images and base length.
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Figure 1. Characteristics of the camera networks used in this study. “B_max” is the distance between
the first and the last camera station, “b” is the average value of base length between two consecutive
camera stations, and “Z” is the object distance.

The focus of this work was on dense matching only, and the orientation was not
evaluated in relation to different block geometries. Nevertheless, the orientation solution
(with related errors) impacts the dense matching; thus, to obtain the same effect of potential
orientation errors in all the tests, a Bundle Block Adjustment (BBA) was performed on
all the seven images, and the estimated Interior and Exterior Orientation (IO and EO)
parameters were kept fixed and used to run all the dense-matching tests.

The dense matching was computed considering different combinations of number
of images (referred to as multiplicity—M) and base length distance between the first and
the last image considered in a specific strip (referred to as max-base—B). Since a total of
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seven images were taken (Figure 1), the multiplicity M was assumed to range between
2 and 7, while the max-base B within a considered strip was assumed to vary between
1 and 6 times the average base length (b) between consecutive images, i.e., B = N ∗ b where
N = 1 . . . 6 (N = max-base factor). Note that, for simplicity, in the following, the values of
multiplicity will be addressed by M followed by the number of images (e.g., M2, M3 to
M7), and the max-base values will be provided in the form B1, B2 to B6, which stand for
B1 = 1 ∗ b, B2 = 2 ∗ b and so forth.

The combination of all possible multiplicity and max-base values results in 120 differ-
ent configurations of images for each strip. As shown in Table 1, for each multiplicity/max-
base pair, different image configurations are available, ranging from a minimum of one
configuration for the couples “B6-M2” and “B6-M7”, to a maximum of 12 configurations
for the pair “B5-M4”.

Table 1. The table summarizes the number of image configurations provided by each pair of max-base
and multiplicity values.

Dense Matching and DSM Generation: 120 Different Configurations

Multiplicity
(M)

- - - - - 1 config. M7
- - - - 2 config. 5 config. M6
- - - 3 config. 8 config. 10 config. M5
- - 4 config. 9 config. 12 config. 10 config. M4
- 5 config. 8 config. 9 config. 8 config. 5 config. M3

6 config. 5 config. 4 config. 3 config. 2 config. 1 config. M2
Max-base (B) B1 B2 B3 B4 B5 B6

120 configurations/dataset

The processing of each sequence of images resulted in the corresponding point cloud
Digital Surface Model (DSM) and raster Digital Elevation Model (DEM). To assess the
accuracy and completeness, the results were evaluated by comparing the DEMs obtained
with a reference DEM. Despite the recommendation of some scholars to work on the 3D
point clouds (which are the raw output of the dense matching process) [26], in this case,
the DEMs were preferred for their continuity and higher computational efficiency.

2.2. Theoretical Background

The theoretical precision of the models in relation to different block geometries can be
modelled according to previous studies in the literature. The expected precision of a stereo
pair is described by Kraus [32] and outlined in Equation (1). While the solution is generally
used to estimate the theoretical precision for stereo restitution in the normal case, it can also
be extended to slightly convergent stereo pairs [41], such as those considered in this study.

σZ =
mb·Z·σpξ

B
(1)

In Equation (1), Z is the object distance, B is the base length, mb represents the image
scale (Z/c where c is the principal distance of the optical system), and σpξ

is the expected
precision of the parallax between two homologous points.

Equation (1) provides the precision along the direction parallel to the camera axis,
which usually (except for very wide base-lengths) is the direction with the highest uncer-
tainty. For this study, all parameters can be considered constant, except for the base length.
Therefore, the expected uncertainty (sz) for stereo pairs is inversely proportional to the base
length and increases as the base length decreases. Equation (1) can be used to estimate the
expected precision of M2 models (stereo-pair models) as the base length changes, thereby,
obtaining a theoretical trend as shown in Figure 2a.
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Figure 2. Graphs showing the theoretical performance of precision σZ as a function (a) of the max-
base at M2 (data are plotted to show the influence of max-base variability and are computed applying
equation 1) and (b) of the multiplicity at B6 (data are plotted to show the influence of multiplicity
variability and are simulated using a least-squares system).

In multi-image block configurations, the expected precision cannot be computed
applying a closed-form equation but can be estimated through a simulated least-squares
(LS) Bundle Block Adjustment, as for the homologous rays. Figure 2b shows the result of
a LS computed on a block with max-base equal to B6 and accounting for different image
configurations from 2 to seven images. This is a numerical solution that is affected by the
base to distance ratio (a similar geometry to the real performed acquisition was applied);
however, it is useful to analyze the expected trend.

If the stereo-pair (M2) is considered as a starting image configuration, intermediate
additional images within the strip improve the precision up to 22% with a linear trend
(Figure 2b). As far as the dense matching algorithms are concerned, the problem of 3D
reconstruction from multiple images has been an important topic both in photogrammetry
and computer vision [26,38]. To date, several multi-view matching algorithms were imple-
mented, which allow reconstructing 3D points by triangulating in space corresponding
rays between images.

All these algorithms compare pixel values and search for a solution optimizing a cost
function that usually considers both image similarity and geometric coherence. However,
two main approaches are currently commonly implemented for multi-view (i.e., using more
than two images) reconstruction, concerning the number of images that are simultaneously
considered for the definition of the cost function. The first approach is MVS, which works
on couples of images (stereo-pairs) and searches for the matches in the images space. For
each stereo-pair, corresponding points are matched along the epipolar lines and, then,
triangulated in space to produce a corresponding depth map. The final 3D object surface
is obtained by merging pair-wise depth maps. The second approach performs an actual
multi-view matching directly in the 3D Euclidean space defined by a specific coordinate
reference system.

In this approach, the search space of the matching solution coincides with the object
space (rather than image space) with all images concurring simultaneously, i.e., a point in
the 3D space is adjusted and its corresponding image point position is calculated on all
images defining the location of the matching image patch. Collecting the matching costs
for all the patches, the 3D solution providing the optimal cost is computed (e.g., with a
semi-global matching algorithm). In other words, this method computes a true multi-view
matching between all the images framing the point to be reconstructed [38,42].

In both approaches, the base length between images considered in the matching
affects the ray intersection angle and, therefore, the precision of the observations. The
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multiplicity of images provides more redundant measurements and additional constraints
to the 3D point reconstruction [43]; however, at the same time, it significantly influences
how different and potentially conflicting observations are merged and weighted to obtain a
unique 3D surface.

2.3. Software Packages

In this paper, the two different algorithmic behaviors were considered to be repre-
sented by two well-known software packages, namely Agisoft Metashape Professional
(version 1.5.4) [44] and MicMac (version 1.1) [45].

Metashape is a commercial software package, developed by Agisoft LLC (St. Peters-
burg, Russia). It is largely used by the scientific and professional community. Although
the general approaches and methods used by the software are well known, the specific
matching algorithmic implementation is not known since it is a commercial package. Nev-
ertheless, the available documentation indicates that the image matching algorithm is a
Semi–Global MVS matching method [26], and the dense surface reconstruction is based on
pair-wise depth map computation. Depth maps are calculated using the stereo-pairs [46]
and are then merged to obtain a single, final, 3D dense point cloud. For a review and
examples of depth map fusion strategies, the reader is referred to [47].

MicMac is an open-source package developed by the Institut National de l’information
Géographique et Forestière (IGN) (Paris, France) and the National School of Geographic
Sciences (ENSG) (Champs-sur-Marne, France). It implements both matching approaches.
It is organized in several modules that allow the user to follow all the steps of a typical
photogrammetric process. A thorough description of the methods it implements can be
found in the literature [42,45,48,49]. Image dense matching is solved as an energy function
minimization problem, which seeks a disparity map that minimizes energy. With high-
resolution images, the software applies a multi-resolution approach using a coarse-to-fine
resolution disparity map evaluation.

It implements two alternative restitution geometries for disparity calculation, called
“image” and “ground” geometry. While the former works in image space, matching a
master image and a set of slave images with a similar methodology to the one implemented
by Metashape, the latter computes all the disparities directly in the 3D Euclidean space. In
this approach, the search space is the Z coordinate, and the similarity is calculated from the
normalized cross correlation (NCC) coefficient, used as a function of multiple images. The
“ground” geometry method was adopted in the current work to obtain a different behavior
to Metashape.

To evaluate the difference between MVS and true multi-view matching methods, all
tests were run with both software packages. For brevity, the results provided by Metashape
were thoroughly presented, while findings using MicMac were addressed in the discussion
as a comparison and check of specific results.

2.4. Study Sites

Four study sites were considered with different characteristics and complexity (Figure 3).
Test site A consists of a brick wall of a building inside the campus of the University of Parma
(Italy). It is a simple wall, with regular planar geometry of about 9 × 5 m2, without protruding
elements and few openings, characterized by a recognizable and well-contrasted pattern
made of bricks. The site was chosen for its regular shape to test the different block geometry
configurations on objects with no evident complexity.

Sites B, C and D are sections of sub-vertical rock faces characterized by higher complex-
ity and irregularities. Sites B and C belong to the same rock wall located in the municipality
of Pollein in Aosta Valley (Aosta—Italy). The rock face resulted from the erosive activity of
the Comboé river, a typical alpine stream that excavated a deep rock canyon. The two areas
selected have an extension of about 34 × 22 m2 and 26 × 18 m2 and are characterized by
a low presence of vegetation and minor occlusions. Site D, instead, is in the municipality
of Arnad (Aosta—Italy), has a glacial origin and presents a more regular surface with less
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jutting elements. The site shows some vegetation, including bushes and outcropping trees.
It extends about 33 × 32 m2, which is similar to the surface area of sites B and C.
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In addition, four virtual test sites were considered (A1, B1, C1 and D1) (Figure 4). The
mesh models obtained from terrestrial laser scanning (TLS) surveys of sites A, B, C and
D were imported into the modelling software Autodesk 3D Studio Max [50] and used as
the virtual surface to be surveyed. A well-contrasted black and white texture, ensuring
easy feature extraction to facilitate image matching, was applied to the surface. Diffuse
ambient light was used to illuminate the scene well and uniformly and to avoid that sharp
shadows could prevent the correct reconstruction of some parts of the model. Virtual
sensors, represented by the rendering camera provided by the software, were used to
capture images following the same procedure accounted for the real test sites.

This approach was considered to prevent errors resulting from the estimation of
interior and exterior orientation parameters as to the position, rotation and focal length
(lens distortions were assumed to be absent) of the virtual cameras are exactly known. The
virtual acquisitions have therefore allowed acquiring data under controlled conditions
and, hence, avoiding any contingent environmental factors (such as unfavorable lighting
conditions, not well-distinguished patterns) that could potentially affect the results.
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2.5. Image Sensors

Three different cameras were considered in this study to expand the available dataset
and check possible related effects of equipment (sensor and optic quality) and acquisition
geometry on results. The three camera models used were a Nikon D3, Nikon Coolpix S3100
and ELP USB08MP02G, and the specifications are summarized in Table 2.

Table 2. Technical specifications of the three tested camera systems.

Camera Resolution Sensor Type Sensor Size
[mm × mm] Pixel Size [µm] Lens

[mm]
Cost
[€]

ELP-USB8MP02G
(USB)

8 MPixel
(3264 × 2448)

CMOS SONY
IMX179 4.54 × 3.42 1.4 Zoom 2.8–12

(21–95) 1 50–55

Nikon Coolpix S3100
(S3100)

14 MPixel
(4320 × 3240) CCD 6.17 × 4.56 1.42 Zoom 4.45–22.3

(26–130) 1
40–80
(used)

Nikon D3
(D3)

12.1 MPixel
(4256 × 2832) CMOS 36 × 23.9 8.46 Fixed

85 and 50
400–500
(used)

1 35 mm equivalent focal length.

The three cameras are off-the-shelf solutions and have different sensors and geometric
features. The ELP USB08MP02G is a Plug-&-Play (UVC compliant) USB2.0 camera module,
which adopts the SONY IMX179 Color CMOS Sensor characterized by a resolution of
8 MPixel and a pixel size of about 1.4 µm. The module can be equipped with different
optics. During these tests, 2.8–12 mm (i.e., 21–95 mm 35 mm equivalent) zoom lenses
were used.

The Nikon S3100 is a compact digital camera equipped with a 14 MPixel 1/2.3” sized
CCD sensor and a 5× wide-angle optical Zoom-NIKKOR glass lens (4.45–22.3 mm or
26–130 mm 35 mm equivalent focal length). The Nikon D3 is a full-frame DSLR cam-
era, equipped with a CMOS sensor with 12.1 MPixel resolution (4256 × 2832 pixel) and
mounted fixed focal length optics. The Nikon D3 camera model is currently considered
obsolete as new modern DSLR cameras have much higher resolution (and better quality)
sensors. Nevertheless, it was used in this specific application because its sensor resolution
is comparable to those of the other two sensors.
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2.6. Data Acquisition

The block geometry was the same for all the test sites. A total of seven images were
taken with a regular base length along a straight line parallel to the object. The capturing
positions of the various sensors during the survey campaign were approximately the
same. The Nikon D3 and Nikon S3100 cameras were hand-held, while the USB camera was
installed on a tripod. An almost 100% overlap (except for the occlusions caused by rock wall
irregularities) between all images was pursued to ensure the highest DSM completeness
despite the use of different combinations of images.

In the architectural case study (Site A), only the Nikon D3 and Nikon S3100 cameras
were used. At this site, the distance from the object was equal to 14.5 m and the base length
was 1.2 m, while the adopted focal lengths were 50 mm for Nikon D3 and 8.8 mm (51 mm
equivalent) for the Nikon S3100. For sites B, C and D, the images were acquired with all
three types of cameras. The distance from the rock walls varied in a range of 55 to 90 m
due to accessibility and safe operational conditions, while the base lengths varied between
5.5 and 6 m. The Nikon D3 mounted a fixed focal length optic of 85 mm and the zoom
lenses of the USB and S3100 were set to approximately frame the same area as the D3 image
block, resulting in 10.1 mm (80 mm equivalent) for the USB camera and 13.5 mm (79 mm
equivalent) for the S3100.

For all test sites, several Ground Control Points (GCP) (11, 27, 25 and 29 GCP for sites
A, B, C and D, respectively) were acquired with a Topcon Image Station IS203 total station
to constrain the image orientation. In addition, a laser scan acquisition was performed
using a Leica C10 laser scanner to have a reference ground truth for the photogrammetric
assessment of the models and a 3D mesh for the virtual model.

Image acquisitions were also performed for all the virtual test sites. Seven rendering
cameras were positioned in front of each virtual vertical surface to simulate the real image
block. To better control the EO parameters, for each site, the object distance was kept equal
to the real one, while the base length was regularized and assumed equal to the real average
base length. The position of the cameras was set to ensure a convergent geometry and
perfectly horizontal optical axis.

Regarding the IO parameters, the same focal lengths as for the Nikon D3 camera, were
considered, and the lenses were assumed to be distortion-free. The scene framed by each
camera has then been rendered to obtain seven images similar to the ones obtained at the
real sites. Rendering options were set to maintain an image resolution equal to the one
of the Nikon D3. Table 3 shows the camera network characteristics and the GSD for the
different sites and camera models.

Table 3. Characteristics of the camera network and average GSD of the acquired images.

Site Avg. b [m] B_max [m] Z [m]
GSD [mm]

D3 S3100 USB Virtual

A-A1 1.2 7.2 14.5 2.5 2.3 - 2.5
B-B1 5.5 33 69 6.9 7.3 9.6 6.9
C-C1 5.5 33 55 5.5 5.8 7.6 5.5
D-D1 5.85 35 89 8.9 9.4 12.3 8.9

2.7. Image Processing

The image orientation process followed a similar workflow for all test sites and camera
models. All 15 blocks (four for each environmental test site and three for the architectural site)
were processed using the commercial software package Agisoft Metashape Professional.

For the processing of images acquired using real sensors, the BBA was constrained by
the GCP. Initially, all the surveyed reference points were considered as GCP to improve
orientation stability and reliability. Then, to assess the orientation’s accuracy, most of the
points were unconstrained and used as Check Points (CP), while only four points at the
corners and one in the center of the model were kept as GCP. Table 4 lists the residuals on CP
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for the four sites. Regarding the camera calibration, an on-the-job self-calibration procedure
was applied in all cases. This procedure is generally recommended for cameras with not
stable optics, such as the compact and USB cameras used in this study. Nevertheless, to
ensure uniformity of results, an on-the-job calibration was also performed for the Nikon D3.

Table 4. Average residuals in GSD and in mm (in parenthesis) on check points (CP) for Nikon D3,
Nikon S3100 and USB.

Site Nikon D3 Nikon S3100 USB

A 1.35 (3.3) 2.71 (6.3) -
B 2.63 (18.1) 4.29 (31.2) 2.74 (26.2)
C 3.12 (17.1) 2.17 (12.5) 3.98 (30.4)
D 1.92 (17.0) 1.65 (15.4) 2.14 (26.5)

In the virtual cases, no GCP were used to constrain the BBA; however, all the EO and
IO parameters were fixed, since they are all known. Therefore, only tie point extraction was
performed to initialize the dense matching. The orientation obtained for each block, was
maintained for all the following elaborations.

For each block, starting from the same orientation, dense matching was performed
considering 120 combinations of images, accounting for different multiplicity and max-base,
as described in Section 2.1.

The entire process was performed within Metashape by the use of a specifically
developed Python script to automate the processing steps. For each of the 120 image
combinations, tie points were extracted to initialize the dense matching. Then, the dense
cloud and the 3D mesh were obtained. Finally, raster DEM were produced within given
boundaries and referred to a given reference plane.

The process parameters were set to reach the best quality provided by the software.
Interpolation was disabled to avoid incorrect surface reconstruction in correspondence of
holes, and no decimation was applied to mesh triangles to preserve all the reconstructed
faces. The raster DEM was then generated by projecting the 3D model on to a vertical
plane passing through a midpoint of the reconstructed DSM. The plane position and the
DEM boundaries are the same for all the models within the same test site, so that the DEM
grids are perfectly overlapping. A total of 1800 raster DEM (for the 15 image blocks) were
obtained, with a resolution equal to 1 cm (consistent with the GSD of all blocks).

Each DEM was compared to a site-specific reference DEM. For the real acquisitions
TLS triangulated data were used as a reference, while, for the virtual sites, the original 3D
mesh models were used. A MATLAB [51] sub-routine was written to automate the com-
parisons, focusing on the evaluation of the distance between the DEMs and the reference
model (differences in elevation) and on the estimation of the completeness of each model
(corresponding to the number of reconstructed points).

To compute differences in elevation, only the reconstructed cells in all the 120 DEMs
within the same test site were considered, excluding the effect of variable occlusions
depending on the geometry of the block. For each DEM, the mean, minimum, maximum
values, standard deviation, root mean square error (RMSE) and median of the differences
were computed. The degree of accuracy was inferred from standard deviation, considering
values from 5th to 95th percentile, to remove the influence of possible outliers.

The completeness of each DEM was considered as the ratio between the number of
cells reconstructed on that DEM and the total number of cells reconstructed at least on one
DEM within the site. The results of the comparisons were grouped and averaged according
to max-base and multiplicity values.

3. Results

The results refer to DEM accuracy and completeness. The influence of max-base length
is discussed first, and then the influence of multiplicity is examined. The combination
B1-M2 (stereo-pair combination) was assumed as basic combination and excluded from
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the graphs. Its corresponding value of standard deviation is reported in the main text
and captions. The values of standard deviation are expressed in GSD units for easier
comparison among sites and cameras.

All DEMs analyzed in this section were processed using Agisoft Metashape Profes-
sional, while in the Discussion section, they will be compared with results obtained by
MicMac processing.

3.1. Accuracy Assessment of Different Block Geometry Configurations
3.1.1. Virtual Sites

Figure 5 shows the results for Site A1, which is characterized by low geometrical
complexity with a regular and smooth pseudo-planar surface. It can be observed that the
results improve with increasing multiplicity and base-length. The higher value of standard
deviation was obtained for combinations B1-M2 (1.89 times the GSD), while for all the other
combinations, the accuracy spans from 0.31 to 0.93 times the GSD.
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As far as the max-base is concerned, in accordance with the theoretical analysis in
Section 2.2, an asymptotic behavior is observed; therefore, the contribution of larger max-
base becomes progressively less relevant. With the same multiplicity, the best results are
obtained using a max-base length equal to B6; however, the difference compared to B4
and B5 is low. Therefore, values of max-base higher than B4 do not provide significant
improvements. Very small base lengths generate uncertainty in the 3D reconstruction of
the point, especially in the direction of the optical axis. While large base lengths have the
advantage of offering a good intersection angle between matching rays, their use leads to
high change of perspective between images and could worsen the dense matching results.

As far as the multiplicity is concerned, the results show that an increasing number
of images positively affects model accuracy and completeness; however, the positive
contribution is progressively less relevant. For instance, considering a max-base length B6,
the percentage increase of accuracy from multiplicity 2 to 3 is equal to 15%, while from
multiplicity 6 to 7, it is only 5%.

The influence of more complex object geometry with respect to the architectural site A1
can clearly be seen from Figure 6 where the results of Sites B1, C1 and D1 are shown. In this
case, the worst results are provided by combinations B1-M2 (Site B1 = 1.79, Site C1 = 1.68,
Site D1 = 2.44 times the GSD); however, the analysis of the DEM referring to the other
combinations demonstrates a different behavior compared to Site A1 (cf. Figure 5). As
far as the max-base is concerned, especially for multiplicity equal to M2, higher values of
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max-base result in lower standard deviation values, up to max-base length equal to B3 or
B4 (Figure 6a). For higher values of the max-base length, the max-base graph reverses the
slope, and the values of standard deviation increase again. This could be caused by the
presence of stronger irregularities and depth changes in the natural rock faces compared
to the architectural one, which make the image matching more difficult (Section 3.2).
Figure 6b shows that the highest values of standard deviation are not always related to
models obtained using two images only (as in Site A1). These models, instead, in most
cases provide better or fully comparable results with models obtained from more than two
images. This is particularly evident for small max-base lengths (up to B4).
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For Site B1 and C1, the trend of the graphs for B5 and B6 is like the one observed
for Site A1, with increasing error for M2 and progressive improvement as the multiplicity
increases. On the contrary, for the max-base values equal to B2, B3 and B4, the error of the
graphs has a peak for M3, i.e., a low standard deviation for M2, considerable worsening at
M3 and progressive improvement for the higher multiplicities.

For Site D1, regardless of the max-base, the behavior is the same as the one provided
by small bases in Sites B1 and C1. In contrary to the expectations, the accuracy of DEMs
does not increase as the multiplicity increases; however, there is an unusual trend when
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switching from M2 to M3. The models obtained from only two images generally provide
the lowest standard deviation or results in line with average values. The standard deviation
values peak at M3, and then the accuracy increases accordingly to the increase of multiplicity
(as also highlighted by the results of Site A1).

3.1.2. Real Sites

The results referred to all the real test sites retrace the behavior observed in most of
the cases of the virtual sites. Although Site A is a different object compared to rock walls
(different texture, smaller size, no occlusions) and is characterized by an almost planar
geometry, if the images are acquired with physical sensors, regardless of the camera used,
the results are more similar to those obtained for Sites B1, C1 and D1 than for A1.

The worst results are provided (as expected) by combinations B1-M2 (Nikon D3:
Site A = 1.70, Site B = 2.87, Site C = 2.27 and Site D=2.32 times the GSD; Nikon S3100:
Site A = 2.68, Site B = 4.18, Site C = 3.67 and Site D = 3.90 times the GSD; USB: Site B = 9.09,
Site C = 5.79 and Site D = 12.71 times the GSD).

In general, we observed that the increase of max-base positively affects the accuracy.
Figures 7a, 8a and 9a indicate that higher values of max-base correspond to lower standard
deviation values, with the minimum at max-base length B4 or B5. Then, the standard
deviation values become worse again. Differently from the virtual acquisitions, here such
behavior occurs for all the values of multiplicity (not only for multiplicity equal to 2) and is
particularly visible for models generated with the Nikon S3100 and USB images. The lower
quality of the Nikon S3100 and USB sensors can cause this disparity, emphasizing model
reconstruction uncertainty when long base lengths occur.

On the contrary, the increase of multiplicity is not always significant in terms of
accuracy variation, as shown in Figures 7b, 8b and 9b where data are grouped by max-base
value to highlight the influence of multiplicity. In general, as can be seen from the graphs,
the accuracy values when varying multiplicity (if M3 combinations are excluded) do not
vary significantly. In some cases, image pairs (M2 combinations) provide the best results
and perform, on average, slightly better even than M7 combinations (e.g., Site B using Nikon
D3, where B6-M2 combination performs 5% better than B6-M7 combination). In other cases,
however, image combinations with higher multiplicity provide much better results, as in
the case of Site D using USB, where B6-M7 performs 38% better than B6-M2 combination.

In all graphs, the unusual trend with a peak of high standard deviation values at M3
is evident, as previously highlighted in some cases in sites B1, C1 and D1. Despite the
absolute variations being quite low and in the order of a few mm (considering the GSD is
in the order of 1 cm) (i.e., negligible in some applications), from a relative point of view, the
decrease of accuracy from M2 to M3 can rise to 25%. In addition, this behavior occurs in all
the tests conducted for different test sites and sensors.

A further analysis was conducted by analyzing the behavior of individual combina-
tions of images within each max-base/multiplicity grouping. We observed that different
patterns of images (with the same max-base and multiplicity) generate different results, and
the positioning of the images within the strip plays a key role. If the pattern is quite regular
and symmetrical (Figure 10a), high values of accuracy are obtained. On the contrary, if
camera distribution along the strip is asymmetrical (Figure 10b), accuracy reductions occur.
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Figure 7. Graphs showing the standard deviation of the elevation disparity between DEMs and the
reference model for Sites A, B, C and D, using Nikon D3, as a function of (a) max-base variability and
(b) multiplicity. (Value of standard deviation for combinations B1-M2: Site A = 1.70, Site B = 2.87, Site
C = 2.27, Site D = 2.32 times the GSD).
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Figure 8. Graphs showing the standard deviation of the elevation disparity between DEMs and the
reference model for Sites A, B, C and D, using Nikon S3100, as a function of (a) max-base variability
and (b) multiplicity. (Value of standard deviation for combinations B1-M2: Site A = 2.68, B = 4.18, Site
C = 3.67 and Site D = 3.90 times the GSD).
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Site D = 12.71 times the GSD).
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Figure 10. Examples of (a) symmetrical and (b) asymmetrical geometry of image acquisition
referred to M3.
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Figure 11 shows the ranges of accuracy variability (minimum, average and maximum
values) that can be obtained within each multiplicity, according to the arrangement of the
images in the strip. The graph refers to combinations with max-base equal to B6 since this
max-base allows all multiplicities to be considered. The data refer, by way of example, to
Site B (Nikon D3).
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Figure 11. Graphs showing the standard deviation variability within each multiplicity grouping
(minimum, average and maximum values). The data refer to Site B (Nikon D3).

The most significant variations are observed within the combinations at M3, where for
some sites the accuracy varies up to 50%, as for Site B (Nikon D3). In these cases, the best
combination is the symmetrical one (with the central image taken in the midpoint between
the other two), which provides good results, completely in line with those obtained for the
other multiplicities. Otherwise, asymmetrical combinations, where the central image is
taken near one of the other two images, perform the worst. This argument can be extended
to all multiplicities.

The reasons why the variability of the results is more evident at M3 and generates an
overall anomalous and unexpected trend deserve further examination and are discussed in
Section 4.

3.2. Completeness Assessment of the Photogrammetric Models

The results of the completeness analysis between DEMs and the reference model
are similar for all sites. As for the cameras, the Nikon D3 and Nikon S3100 perform the
same for all tests, while the USB provides more variable results, in particular for Site D.
For brevity, only the graphs referring to Site A1 (virtual), Site B (Nikon D3) and Site D
(USB) are provided below. These results are representative of the general behavior of the
completeness assessment.

As expected, Figures 12 and 13 show that the lowest values of completeness were
obtained using only two images. In such cases, the number of unreconstructed points
increases with increasing max-base value. This behavior can be explained by considering an
increase in change of perspective between two consecutive images as the distance between
them increases, which may turn into invalid matches or occlusions. This is particularly
evident for the real sites, where the presence of protruding elements and vegetation in the
scene requires more images for a complete reconstruction of the model. For Site A1, all
the models provide completeness values higher than 99%, with 100% of completeness for
models corresponding to the pairs max-base B6 and multiplicity M5, M6 and M7.
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Nikon D3 and USB, respectively: (a) the influence of max-base variability and (b) the influence
of multiplicity.

The best combinations in terms of accuracy are the same for completeness. The same
can be observed for Site A, where completeness varies in the range of 95.7% to 99.7%. These
extremely good results are linked to the regularity of the brick wall. On the contrary, for
the natural Sites B, C and D, the completeness varies between 48.8% and 94.6% for Site B,
between 30.6% and 97.1% for Site C and between 40.8% and 94.4% for Site D.
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Evident improvements can be observed for the natural sites by using an increasing
number of images compared to the architectural Sites A and A1, in particular from multi-
plicity 2 to 3 (Figure 13a). This improvement is closely related to the characteristics of a
natural site (overhanging elements, vegetation and distance from the wall). The highest
increases in completeness occur in the transition from M2 to M3, for all the test sites and
camera models. For the subsequent multiplicities, the increase is not so evident.

Related to the base length variation, higher values of max-base result in a decrease in
completeness (excepting some sites, e.g., site D using the USB camera).

4. Discussion

The results presented in Section 3 confirm that the geometry of the object affects
the average accuracy of the matching and the completeness of the blocks. For instance,
considering the images acquired with the Nikon D3 only, the overall agreement between
image-based DEMs and the reference DEM for the architectural Site A (brick wall with
regular planar geometry, without protruding elements) is in the range of 0.75 to 1.77 times
the GSD, while for the natural test sites, the residuals span on average from 1.2 to 2.4 times
the GSD. On the contrary, the trend of accuracy variability when changing max-base
length and multiplicity remains basically the same regardless of the geometric complexity
of the site.

As for the cameras, results are significantly affected by the quality of the sensor. As
already pointed out in [41], the overall accuracy provided by the USB camera is considerably
lower than the other two cameras. The analysis also shows that the USB camera produces
the greatest variability in accuracy among the tested block geometries. The accuracy
obtained by the USB camera is always worse than that of the other two cameras, regardless
of the block geometry adopted. The best configuration with the USB camera still provides
worse results than the application of Nikon D3 and S3100.

The study of the influence of block geometry on the dense matching, which is the focus
of the paper, demonstrates a strong correlation between image multiplicity and base length
and the depth accuracy of multiple view matchings, even if the same orientation solution
is maintained. The best results in terms of accuracy are provided by the blocks with the
max-base and multiplicity values (B6-M7), while the worse are obtained considering a
small max-base length and low multiplicity (B1-M2).

The percentage difference in DEM accuracy between the best and the worst block
geometry is significant: considering images acquired with the Nikon D3 camera for Site B,
the increase of standard deviation of the distances is equal to +130% and rises to +160% if
the USB camera is considered. On average, such increment is about +160%, spanning from
a minimum of +42% (Site B1) to a maximum of +509% (Site A1).

The percentage variation of depth accuracy provided by different image combinations
remains high (on average 75%) even if the blocks belonging to the worst combination
(B1-M2) are excluded from the analysis. The virtual Sites B1, C1 and D1 provide the
highest internal consistency among all block configurations with an average increase of
38% between the best and worst block configurations. Site A1 shows the greatest variability
in block accuracy when passing from a block geometry with multiplicity M7 and max-base
B6 to one with max-base B1 and multiplicity M2.

The analysis of the variation of multiplicity and base length shows results that are not
fully matching with the theoretical expectations from the literature. A good agreement
was observed for blocks with the same multiplicity, where the accuracy increases as the
base increases. This is significant up to max-base values equal to B3 or B4 (ratio B:Z equal
to 1:3). Beyond these values, the change of perspective between shots, especially in cases
with an irregular rock wall, leads to a greater number of occlusions (hence lower model
completeness) and a negligible improvement (and sometimes a significant worsening) in
accuracy for the reconstructed parts.

The influence of multiplicity was also observed according to site conditions. Except for
Site A1, with the same max-base length, the positive contribution produced by the increase
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in number of cameras is not significant. Passing from M2 to M3, an unexpected behavior
was observed: contrary to the current scientific knowledge, the consistency between the
DEM and the reference decreases. This behavior is quite counterintuitive and contradicts
the commonly accepted theoretical models. To the best of the authors’ knowledge, graphs
showing a similar performance are presented in [43]; however, no additional investigation
is provided.

According to the analyses performed in the current study, this phenomenon could
be associated with the Semi–Global MVS matching method implemented in Metashape,
which reconstructs the dense surface based on pair-wise depth maps. The depth maps are
computed from overlapping image pairs [46] and are then merged to obtain the 3D dense
point cloud. MVS reconstruction requires specific strategies on how potentially conflicting
observations, obtained from couples of images with different expected precision (according
to Equation (1)), can be filtered and/or weighted to be merged.

If only one pair of images is considered, there is no redundant data to check the
correctness of 3D point reconstructions. When more than two images are used, three
or more pairs contribute to determining the 3D point position: the consistency of the
results can be analyzed, and overly discordant observations can be removed. To check if
specific strategies (e.g., the one using a visibility-based method proposed in [47]) might
lead to the same unexpected behavior experienced in the tests (i.e., peak of worst accuracy
performance at M3), a Monte Carlo simulation was considered to compute the accuracy on
3D point reconstruction at different combinations of images.

In the simulation, the same combinations of images as in the experimental tests
were considered. Given a grid of 3D points with known coordinates in the object space,
the respective reprojections on the images were produced. The 2D coordinates of the
reprojected points on images were perturbed by a zero mean Gaussian error (note that, for
simplicity, the errors were considered uncorrelated). For each pair of images, given the set
of perturbed 2D measurements, the 3D positions of the respective points were computed
by triangulation and the pair-wise depth map was obtained.

The depth map fusion (i.e., the estimation of the resulting 3D point reconstruction)
was resolved as the arithmetic mean of the highest number of consistent depth observations.
According to [47], observations are consistent if their depth estimates differ less than a
supporting threshold e. For each estimate, the number of supporting depth maps (i.e., the
number of observations within e) was computed and the combination of depth maps with
the highest support was merged. In other words, the algorithm merged the coordinates
supported by the largest number of pairs of images. In the end, as in the experimental tests,
the obtained 3D reconstruction was compared with a reference for accuracy assessment.

Figure 14 shows the results of the Monte Carlo simulation. The results show similar
behavior to the one observed in the experimental tests. This can be explained by considering
that the algorithm used for the dense matching merges the depth maps resulting from
agreeing pairs of images. When blocks of three images are processed, three stereo-pairs are
considered, two with small base length and one with larger base length.

If the two pairs with smaller base length give consistent depth values, the dense
matching algorithm will prioritize the contribution of these two pairs over that of the larger
base pair. However, from Equation (1) (and as confirmed by the studies of [43] on benefits
of image redundancy for 3D reconstruction), it is known that a small base length results
in lower depth precision. This may explain the clear reduction in accuracy, especially
in multiplicity three blocks where the contribution of the less accurate observations may
become predominant.

To assess the effect of the pairs’ filtering to keep only the most agreeing observations,
an additional simulation (Simulation 2) was conducted: the 3D position of the points was
estimated with a least-squares system considering the contributions of all stereo pairs (true
multi-image dense matching). A simple variance propagation was also applied assuming
the absence of gross errors. The simulation shows that, on average (mean RMS value in
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Figure 15), the accuracy improves at the increase of multiplicity, without demonstrating
unexpected peaks at M3.
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Figure 15. Graphs showing the standard deviation variability within each multiplicity grouping
(minimum, average and maximum values). The data refer to Simulation 2.

Focusing on the individual combinations, the internal variability of the results is much
lower than in the real cases (cf. Figure 11) and it is higher for M4 and M5 (Figure 15), which
account for the greater numerosity of image configurations. Contrary to what was observed
before, the combinations in which intermediate images were placed in the middle of the
strip provide the worst results. In these combinations, it is preferable to have one large and
one small base (Figure 10b) rather than two medium-sized bases (Figure 10a).

To assess whether the use of an alternative dense matching method might affect the
results and avoid a reduction in accuracy for M3 blocks, the open-source package Mic-
Mac [45] was used for processing, considering a restitution geometry that seeks disparity
in the object space, i.e., performing a true multi-image matching.

In MicMac (with “ground” geometry) the image dense matching is solved as a function
of multiple images in the object space and, therefore, should not demonstrate a similar
behavior to MVS. In other words, the concurrent use of all the observations, without
discarding the ones that might not support each other as in a MVS matching, should
increase accuracy performances passing from M2 to M3 and so on. Figure 16 shows the
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results obtained with MicMac. For brevity, only results obtained for datasets of Sites B, C
and D (for which the reduction of accuracy from M2 to M3 was particularly evident) using
the Nikon D3100 are presented. The behavior is similar for all the other camera models.
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Figure 16. Graphs showing the standard deviation of the elevation disparity between DEMs and
the reference model for Sites B, C and D, processed using MicMac, as a function of (a) the max-base
variability and (b) multiplicity. (Value of standard deviation for combinations B1-M2: B = 7.60,
C = 4.22 and D = 5.02 times the GSD).

In this case, the worst results are provided by image combinations B1-M2 (values
of standard deviation for site B = 7.60, site C = 4.22 and site D = 5.02 times the GSD). In
Figure 16a, the results improve as the max-base increases. On the contrary, analyzing
data by max-base indicates that the influence of multiplicity is not evident (Figure 16b) if
compared to the one provided by Metashape (cf. Figure 8). Except for some outliers at Sites
C and D, the standard deviation ranges around an average value, and no recurring peaks
of worse accuracy can be observed at M3.

Looking at the absolute standard deviation with respect to the results obtained with
Metashape, the results change according to the test site: in most cases, Metashape outper-
forms MicMac, with mean differences around 30% up to 65% better. This is particularly
evident for models obtained using few images (low multiplicity), where (as expected from
the analysis of the graphs provided above) Metashape performs better.
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In the case of models that account for a higher number of images, the performances
of the two software packages are comparable and, in some cases, MicMac provides better
accuracy (with an average of 12% better and a maximum of 34%, obtained for M3 in Site C
with Nikon S3100). Regarding models at M3, which are generally less accurate if produced
by Metashape, their accuracy is always comparable to the one obtained using MicMac, and,
in some cases, it is even better.

It is worth noting that the processing with MicMac was conducted using the semi-
automatic tools provided by the software. It cannot be excluded that, with a more advanced
use of the software and a more accurate parameterization, the performance could be better.

5. Conclusions

The current work investigated multi-image dense matching 3D reconstruction using
different block geometries analyzing the influence of various base lengths, multiplicities
of images, their distribution and the dense matching strategy adopted. Although block
geometry has been extensively addressed in the literature, an examination related only
to dense matching and systematically analyzing the implications related to the type of
acquisition (the number of images, maximum distance between the first and last image
within a strip, regularity and symmetry) was still lacking.

The results show that, on average, while (as expected) the use of large max-bases
between the first and the last image of the strip results in a significant increase in accuracy,
surprisingly, no clear correlation was observed between the increase in multiplicity and
accuracy considering configurations with the same max-base. A higher number of images
does not necessarily lead to clear accuracy improvements and, in some cases, provides
counterintuitive results, as for the image configurations at M3.

The results clearly show considerable and unexpected reductions in accuracy (usu-
ally lower accuracy than a single stereo pair) when processing three images using MVS
algorithms based on pair-wise depth map fusion. This unexpected result is demonstrated
(although to varying degrees) in all the tests performed (with different shapes of objects,
sensor, etc.). The additional investigations conducted via a Monte Carlo simulation demon-
strated that this effect might be related to the MVS algorithm implementation, which, with
this multiplicity, may prioritize the contribution of mutually supporting pairs with smaller
base length (generally less accurate observations) and lead to a clear reduction of accuracy.

The concept behind most visibility-based depth map fusion commonly implemented
in MVS routines (see [47]) is to leverage the information coming from different depth map
supports (i.e., agreement between different stereo-pairs) to remove wrong 3D correspon-
dences (the fusion is performed in object space)—for instance, due to occlusions. It cannot
be excluded that, if a different approach is used (the most naïve being merging all the infor-
mation without discarding any not supported depth map data), this behavior may change,
as it does not occur when using algorithms that perform true dense multi-image matching.

However, this could imply a higher number of matching outlier or worse accuracies
under certain configurations and object complexities. In this context, we also observed that
the specific imaging geometry (position of the images within the strip) plays a central role
and can mitigate, or even eliminate, these recurring peaks of worse accuracy at M3. Regular
and symmetrical acquisition geometries (cf. Figure 10a) provide the best performance when
using MVS matching algorithms, and, as far as M3 is concerned, a block geometry with the
central image placed in a mid-position between the other two images ensures accuracies
comparable to those obtained for other image combinations.

On the contrary, with algorithms running true multi-image dense matching, surpris-
ingly, geometries of acquisition that ensure large angles between images are preferable, i.e.,
block geometry with intermediate images placed near the extremes of the strip rather than
equally distributed shooting points (cf. Figure 10b).

The main objective of this paper was not to provide a rank of the most appropriate
dense-matching approaches nor to identify/solve their drawbacks but to assess their
applicability and highlight their possible limits under different multi-view configurations
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to, thus, give operational indications to the users. Both the investigated approaches are
valuable and applicable; however, especially with low multiplicity, the spatial distribution
of the images appeared to considerably influence the results.

Since, in many applications, there appeared to be no significant advantage in in-
creasing multiplicity, it is possible to reduce the number of images acquired/processed
simultaneously. This result is significant and advantageous from an operational point of
view, as it speeds up acquisition and processing times. It is therefore particularly useful
for rapid surveys or applications requiring the installation of permanent equipment. In
addition, for applications requiring a strong block geometry to constrain orientation, it is
possible to acquire a high number of images to perform orientation and then, keeping the
orientation parameters fixed, perform the dense matching only on a sub-set of images. This
significantly reduces costs and processing time (dense matching is a highly demanding
operation) without a significant loss of accuracy.

On the contrary, the positive effect of high multiplicity (if the same max-base is consid-
ered) is significant as completeness is concerned, particularly in the case of irregular objects
with changes in perspective and occlusions. In these cases, going from configurations of
only two images (M2) to three images (M3) increases the completeness by up to 200%, while
the benefit becomes less important for higher multiplicities. Therefore, from an operational
point of view, it would be preferable to favor completeness during the block design, to
maximize the distance between the first and last image acquired and to insert intermediate
images that are required for a complete acquisition of the object.
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