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 A B S T R A C T

Leading edge erosion of wind turbine blades reduces energy production and blade lifetime, a growing issue with 
larger blades. Effective monitoring is crucial to tracking erosion and controlling maintenance costs. This paper 
presents an image-based 3D reconstruction method for the leading edges, targeting challenges like textureless 
surfaces, background motion, and limited image overlap that cause existing methods to fail. Leveraging 
monocular depth estimation with dense image matching within a sparse reconstruction framework enables 
superior accuracy and robustness compared to commercial and open-source sparse 3D reconstruction software, 
achieving a reduction of at least 38% in reprojection error in the conducted experiments. Furthermore, this 
paper proposes a loss term for Gaussian Splatting – a recent dense reconstruction paradigm – which makes 
it possible to obtain dense reconstructions without missing patches, in contrast to traditional methods, while 
maintaining fine surface detail.
1. Introduction

Wind turbines are a critical component of renewable energy in-
frastructure, contributing significantly to the global effort to reduce 
reliance on fossil fuels and mitigate climate change [1]. Ensuring the 
efficiency and longevity of wind turbines is paramount, necessitat-
ing regular inspections to detect and address potential issues such as 
erosion, structural defects, and material fatigue [2,3].

The advent of drone technology has revolutionized wind turbine in-
spections, enabling non-invasive and highly detailed qualitative imag-
ing. Drones equipped with high-resolution cameras can capture com-
prehensive images of turbine blades and other components from var-
ious angles and elevations, significantly reducing inspection costs and 
the need for human intervention [4]. This method not only enhances 
safety by minimizing the risks associated with manual inspections, but 
also provides high-quality images that allow the automatic detection, 
localization, and classification of surface defects [5,6].

In recent years, image-based 3D reconstruction has seen notable 
advancements [7–9], greatly enhancing the potential of drone-based 
inspections. An accurate 3D reconstruction of the surface of the leading 
edge holds significant potential for automated defect analysis. One 
crucial application is the segmentation and quantification of leading 
edge erosion and other surface defects. Leading edge erosion is an 
increasingly important issue for wind turbines, as turbine blade sizes 
keep growing [10]. It can lead to reduced aerodynamic efficiency [11], 
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resulting in lower power output [12–14]. If not detected and addressed 
early, erosion can cause severe damage, leading to high maintenance 
costs and operational downtime [3]. Therefore, the ability to accurately 
detect and quantify leading edge erosion is crucial for maintaining the 
performance and longevity of wind turbines. While 2D images usually 
suffice to detect erosion, 3D reconstruction is crucial for quantifying 
the severity of the damage, providing detailed surface topography, 
and enabling precise measurements that inform more effective repair 
strategies and can trigger predictive maintenance actions. The 3D 
model offers exact dimensions and depth profiling of the eroded areas, 
allowing for a thorough understanding of the nature and progression of 
the damage. This quantitative data supports accurate cost estimations 
and prioritization of repairs. Additionally, 3D reconstructions create a 
baseline for future inspections, facilitating long-term monitoring and 
enhancing the accuracy of inspections by minimizing subjectivity.

Traditional 3D reconstruction pipelines often struggle to obtain ac-
curate 3D models from images suffering from limited texture, repetitive 
structures, illumination changes, oversaturation, and blur [7]. These 
challenges are commonly encountered during drone-based inspections 
of wind turbine blades. The uniform color of the blades leads to a lack 
of texture, making it difficult to find matching keypoints across images, 
which is a crucial initial step in a 3D reconstruction pipeline. Varying 
sunlight conditions can cause illumination changes and saturation is-
sues. The motion of the drone platform can result in motion blur, and 
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if the images are not perfectly focused, out-of-focus blur will also be 
present. This blur reduces the level of detail captured in the images 
and complicates keypoint matching. Therefore, we are motivated to 
develop a 3D reconstruction method specifically designed to address 
the challenges of wind turbine blade imaging.

Our method for the robust and highly accurate image-based 3D 
reconstruction of the leading edge of wind turbine blades consists of 
two steps.

1. Sparse 3D reconstruction by leveraging accurate, dense, robust 
pixel matches across images. We present a method to extract 
high quantities of accurate keypoint tracks from a state-of-the-art 
dense matcher, RoMa [15], performing well even in challenging 
image conditions.

2. Dense 3D surface reconstruction with a customized Gaussian 
Splatting (GS) [16] algorithm. The GS paradigm has recently 
revolutionized the fields of novel view synthesis and 3D recon-
struction, offering a powerful alternative to Multi-View Stereo 
techniques. The base method can be adapted address various 
challenges, such as blurry images and specular reflections. We 
demonstrate the feasibility of GS for reconstructing wind turbine 
blades and propose a custom loss function.

The main contributions can be summarized as follows.

• Automatic background masking with monocular depth esti-
mation.
Accurate 3D modeling requires a static scene, but turbine images 
often contain moving backgrounds (e.g., clouds or spinning tur-
bines). We use Depth Anything [17] to generate depth maps that 
separate the turbine from the background, allowing for reliable 
foreground-background segmentation. This method is robust to 
the challenges faced by neural networks trained on limited data, 
which often struggle to generalize to new turbine images [18].

• Keypoint track extraction from dense matches.
Extracting keypoint tracks from dense matches, which lack ex-
plicit keypoint descriptors, requires a novel two-step process. We 
identify valid image subsets and sample high-confidence tracks 
within them, balancing execution speed, memory use, and track 
accuracy.

• Background-masking loss function for Gaussian Splatting.
We introduce a loss term for Gaussian Splatting to exclude back-
ground reconstruction, improving efficiency and accuracy, espe-
cially with limited image data or semi-transparent backgrounds 
like the sky.

To evaluate our approach, we quantitatively and qualitatively com-
pare our methods to commercial and open-source software alterna-
tives on various sets of images. The experiments demonstrate that 
our method can generate an accurate sparse 3D model where the 
alternatives fail to produce any viable model. Even when other methods 
successfully generate a 3D model, our approach demonstrates superior 
accuracy, as indicated by a lower reprojection error. Our Gaussian 
Splatting-based dense reconstruction achieves full completeness, in 
contrast to traditional Multi-View Stereo techniques, which often result 
in numerous missing patches. We also show that this improvement in 
completeness does not compromise accuracy.

The remainder of this paper is structured as follows: Section 2 
reviews related work in general 3D reconstruction, wind turbine blade 
reconstruction, and keypoint matching. Section 3 outlines our method-
ology, followed by the results in Section 4 and their discussion in 
Section 5. Finally, we conclude and propose future work in Section 6.
2 
2. Related work

This section reviews existing research and methods related to 3D re-
construction, focusing on sparse and dense techniques, keypoint match-
ing, and specific applications, such as the reconstruction of wind tur-
bine blades. Various approaches are outlined, including traditional 
methods and recent advancements like deep learning-based techniques 
for improving the accuracy and robustness of 3D models.

2.1. Sparse 3D reconstruction

Structure from Motion (SfM) is a photogrammetry technique used 
to reconstruct a sparse three-dimensional point cloud from a sequence 
of two-dimensional images. It operates under the principle of simul-
taneously estimating positions of 3D points in the scene and the ex-
trinsic and intrinsic parameters of the camera(s) capturing the im-
ages [19]. The workflow of a traditional, incremental SfM pipeline can 
be summarized as follows [20] (see Fig.  1).

1. Feature detection and description: Keypoints or features are 
detected in each image using algorithms such as SIFT [21] 
or ORB [22]. These keypoints are mathematically described 
based on their local appearance using multidimensional feature 
vectors.

2. Feature matching: Correspondences between keypoints in dif-
ferent images are established by matching their descriptors. 
This step relies on techniques like nearest neighbor matching to 
find reliable matches while filtering out outliers with geometric 
verification.

3. Incremental reconstruction: First, an image pair is selected 
to initialize a two-view 3D reconstruction. The relative camera 
pose of the initial image pair can be estimated by solving for 
the essential matrix, based on the keypoint matches, and decom-
posing it. The estimated poses can then be used to triangulate 
the matched keypoints. Then, the other images can be registered 
to the reconstruction, one by one, by solving the Perspective-n-
Point [23] problem to estimate their camera pose. The 3D point 
cloud is extended by triangulating matches from the newly regis-
tered images. Techniques such as RANSAC [24] are employed for 
robust estimation in the presence of outliers such as inaccurate 
keypoint matches.

4. Bundle adjustment: A global optimization process called bun-
dle adjustment refines camera poses and 3D point positions 
jointly, minimizing the reprojection error and ensuring consis-
tency between observed keypoints in images and their corre-
sponding 3D positions [25].

The most widely used open-source SfM toolbox is COLMAP [20], 
while Agisoft Metashape [26] remains the leading commercial soft-
ware for general-purpose 3D reconstruction. Recent advancements to 
improve SfM accuracy and robustness include approaches like Pixel-
Perfect SfM [27] and Detector-Free SfM [7], both of which leverage 
deep learning to refine keypoint tracking. Furthermore, various meth-
ods have been developed to enhance 3D reconstruction quality through 
post-processing techniques, such as point cloud filtering [28], or by 
replacing specific modules within the SfM pipeline — for instance, opti-
mizing camera parameters using genetic algorithms [29] or increasing 
match quantity with particle swarm optimization [30].

2.2. Dense 3D reconstruction

The camera poses and point cloud generated through sparse recon-
struction can be leveraged to produce a dense 3D model using dense 
reconstruction techniques, typically driven by Multi-View Stereo (MVS) 
methods [31], optionally followed by meshing.

Gaussian Splatting (GS) introduces an innovative approach for ex-
plicitly depicting dense 3D scenes, distinct from traditional methods 
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Fig. 1. Structure from Motion jointly estimates a set of 3D scene points 𝑋 = {𝐱𝑖 ∈ R3
| 𝑖 = 1,… , 𝑁𝑋} and camera poses 𝐶 = {𝐂𝑗 ∈ 𝐒𝐄(3) | 𝑗 = 1,… , 𝑁𝐶} from keypoint correspondences 

across multiple views. Keypoint 𝑘 in image 𝐈𝑙 is denoted by 𝐮𝑙𝑘.
like point clouds and meshes. First, the technique initializes a set of 3D 
Gaussian functions centered on the points obtained during the sparse 
reconstruction phase. Subsequently, it refines the positions, shapes, and 
opacities of these Gaussians such that the 3D model resembles the 
original images when viewed from the perspectives of the estimated 
camera poses. This iterative process, spanning thousands of iterations, 
is interleaved by adaptive density control adjustments of the Gaussians. 
Density control is achieved by splitting and cloning Gaussians, allowing 
a balance between the model’s memory requirements and the accuracy 
of the reconstruction. Accurate camera pose estimates are crucial for 
the quality of the dense reconstruction, which is why the accuracy of 
the preceding sparse reconstruction is of critical importance [16].

The loss function of GS compares each original image with the 
image generated by rendering the 3D model onto the corresponding 
viewspace. In other words, the model is trained to produce a re-
construction that looks like the input images when viewed from the 
corresponding poses, without imposing any geometrical constraints. 
Lacking any explicit regularization on the 3D geometry, this approach 
is susceptible to overfitting, particularly in scenarios where images 
have a low amount of overlap. The rendered images may resemble the 
input images very well despite inaccuracies in the 3D model such as 
floating Gaussians (i.e., Gaussians with a high transparency which are 
not attached to the foreground object) and needle-like artifacts at object 
surfaces [32].

Researchers have developed various strategies to improve the ac-
curacy of 3D models and reduce overfitting to input images. Mip-
Splatting [32] addresses high-frequency artifacts by introducing a 3D 
smoothing filter that constrains the size of the 3D Gaussians. To pro-
duce sharp 3D models from blurry images, Deblur-GS [33] and BAD-
Gaussians [34] offer methods specifically designed to handle motion 
blur. 2DGS [35] replaces volumetric reconstruction with surface re-
construction using 2D Gaussians in 3D space, achieving state-of-the-art 
reconstruction quality when combined with their novel regularization 
techniques.

Compared to MVS techniques, Gaussian Splatting offers a more 
flexible and adaptive approach to 3D reconstruction. MVS relies heavily 
on finding accurate correspondences between multiple views, which 
can be challenging in scenarios with repetitive textures or low-contrast 
surfaces [36]. GS, by refining Gaussian primitives iteratively, can han-
dle such challenges more robustly and produce more consistent models 
3 
even under difficult imaging conditions. Moreover, GS is generally 
faster than MVS methods, as it can generate a detailed model in just 
a few minutes because it represents the scene using a sparse set of 
3D Gaussians, which can be efficiently rendered using modern graph-
ics hardware [16]. In contrast, traditional methods rely on complex 
multi-view image matching and triangulation [37], which are more 
computationally intensive and slower.

In contrast to NeRF (Neural Radiance Fields), which models scenes 
implicitly through a neural network [38], Gaussian Splatting uses 
explicit Gaussian primitives for representation. This explicit nature 
allows for more precise control over the reconstruction process and 
facilitates the integration of specific loss terms for improved surface 
detail and alignment. Additionally, Gaussian Splatting is faster in both 
rendering and reconstruction, making it a more practical choice for 
applications requiring detailed surface models, such as wind turbine 
blade monitoring. The explicit representation also simplifies subsequent 
analyses, such as surface defect quantification, enhancing its utility in 
practical inspection and maintenance workflows.

2.3. Keypoint matching

The quality of a dense 3D reconstruction is very sensitive to the 
accuracy of the estimated camera poses that are provided as input to 
the dense reconstruction algorithm [37]. Hence, ensuring high quality 
camera pose estimations is critical for the accuracy of the final 3D 
model. Since the camera poses are estimated using keypoint matches 
across images, a good keypoint detector and matcher are critical for an 
accurate 3D model. Some challenges regarding keypoint detection and 
matching involve varying light conditions across images, significant 
viewpoint changes, a lack of texture, and repetitive structures [39]. To 
tackle these issues, plenty of research has been conducted on improv-
ing keypoint detectors and matchers. Recently, traditional methods, 
typically involving handcrafted keypoint feature descriptors [21,22,40] 
and brute force or nearest neighbor matching, have been outperformed 
by deep learning techniques across a wide range of benchmarks [41,
42]. Notably, the detector-free matching paradigm has garnered sig-
nificant attention due to its exceptional effectiveness [7,15,39,43,44]. 
Whereas traditional detector-based matching consists of first detect-
ing keypoints, mathematically describing these keypoints, and then 
matching the keypoint descriptors, detector-free matchers skip key-
point detection and description entirely and instead find the most 
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likely match in the query image for every single pixel in the refer-
ence image. These matchers have demonstrated increased robustness 
to the aforementioned challenges compared to their detector-based 
counterparts.

2.4. 3D reconstruction of wind turbine blades

Only a few studies have been conducted on assessing the fea-
sibility of commercial photogrammetry techniques such as Agisoft 
Metashape [26] to obtain 3D reconstructions from images of wind 
turbine blades. Zhang et al. [45] explored the feasibility of using an 
unmanned aerial vehicle with a photogrammetry payload to capture 
images of a wind turbine blade, which were processed using Agisoft 
Photoscan to create a 3D model for visual inspection. Nielsen et al. [46] 
also conducted a feasibility study to determine if high-resolution SfM, 
using Agisoft Metashape, could be used to assess the leading edge 
roughness of a decommissioned wind turbine blade tip with artificially 
enhanced erosion. Neither study introduced any new reconstruction 
techniques. To our knowledge, there have been no prior efforts to create 
a customized pipeline specifically for the reconstruction of wind turbine 
blades.

3. Methods

This section outlines the methodologies used for the 3D recon-
struction of wind turbine blades. The approach begins with a sparse 
reconstruction pipeline that incorporates dense feature matching and 
background masking to improve keypoint tracking and camera pose 
estimation. This is followed by a dense reconstruction step utilizing 
Gaussian Splatting for surface modeling. Each stage of the pipeline is 
designed to enhance robustness and accuracy in challenging imaging 
conditions, such as specular reflections and low-texture surfaces.

3.1. Considerations for the matcher

Since images of wind turbine blades exhibit most of the challenges 
faced by keypoint detection and matching, such as lack of texture and 
the presence of specular reflection, we were motivated to incorporate 
a state-of-the-art dense matcher, RoMa [15], in the reconstruction 
pipeline. Aside from the improved robustness to the aforementioned 
challenges, the large amount of matches per image pair produced by 
a dense matcher is beneficial for the accuracy of the resulting SfM 
output, since the errors on the estimated camera poses will vanish as 
the number of matches increases [47].

Another deciding factor for the quality and robustness of the output 
of SfM is the length of the keypoint tracks. A keypoint track is defined 
as a sequence of keypoints across multiple images that correspond to 
the same 3D point in the scene. Longer keypoint tracks mean that 
the same 3D points are observed in more images. This redundancy 
enhances the robustness of estimating the 3D structure and camera 
parameters. With more observations of the same point, the optimization 
process in bundle adjustment can better average out noise and errors 
from individual observations, leading to more accurate results [47].

A final method to improve the quality of the 3D output is to 
avoid keypoint matches that are located in the background. Since SfM 
pipelines for dynamic scenes are less effective than pipelines for static 
scenes [48], masking the background is an important preprocessing 
step, as it may contain moving clouds or objects. Additionally, even 
when the background is static, if the images are captured while the 
turbine is in an idle state, the background may appear to move rel-
ative to the blade’s reference frame due to its passive rotation. We 
propose a simple but effective method to obtain the background masks 
in a fully automated manner, using the powerful monocular depth 
estimator, Depth Anything [17]. Although less accurate than depth 
estimation from multi-view inputs, the monocular depth estimator is 
effective at detecting large depth variations between the foreground 
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and background. Such variations are common in wind turbine blade 
imaging, where the blade is typically much closer to the camera than 
the background. Hence, after estimating the depth map of an image 
and normalizing it to the interval [0, 1], every pixel with a depth larger 
than a certain threshold can be considered a background pixel. Fig.  2 
visualizes our background masking process. Our simple yet effective 
approach avoids the need for fine-tuning a neural network on images 
of wind turbines as in [49] or [18]. In turn, we avoid poor results for 
images that are underrepresented in available training data, such as 
images with other wind turbines nearby or images of the rotor hub.

3.2. Sparse 3D reconstruction from dense matches

A dense matcher takes a reference image and a query image as 
input. Its output consists of a warp 𝐖 and a certainty map 𝐂. Denoting 
the height and width of the input images by 𝐻 and 𝑊 , the warp has 
dimensions 𝐻 × 𝑊 × 2, where 𝐖(ℎ,𝑤) represents the pixel location 
(ℎ′, 𝑤′) in the query image which is predicted to correspond to pixel 
(ℎ,𝑤) in the reference image. The certainty map 𝐂 has dimensions 𝐻 ×
𝑊 , where 𝐂(ℎ,𝑤), ranging between 0 and 1, represents the confidence 
of the matcher in its predicted match for pixel (ℎ,𝑤) in the reference 
image.

Extracting keypoint tracks from a dense matcher is not as straight-
forward as extracting them from sparse matchers. Sparse keypoint 
detection involves identifying a relatively small set of keypoints in each 
image and computing descriptors for these keypoints. During sparse 
matching, similar descriptors are used to establish correspondences 
between keypoints across different images. Since dense matchers do 
not rely on keypoint detectors and descriptors, a different method 
is necessary. Our method for extracting keypoint tracks from dense 
matchers involves two steps. First, we identify all subsets of images 
in which valid tracks can be found. Then, within these subsets, we 
sample a set of tracks with high matching confidences across all images. 
Special care has to be taken to keep the execution time and memory 
requirements reasonable, and to avoid drifting or inaccurate keypoint 
tracks.

Finding image subsets observing a common part of the scene
A dense matcher can detect millions of confident matches in high-

resolution images with sufficient overlap. Keeping all these matches 
requires an infeasible amount of computation time during the incre-
mental reconstruction step of SfM. A naive solution would be to select 
a fixed amount of 𝑀 of matches per image pair, where the selection is 
based on the certainty map of the dense matcher. Keeping in mind that 
the length of the keypoint tracks plays a major role in the quality of 
the final 3D reconstruction, this naive selection of the 𝑀 matches with 
the highest confidence from each image pair is a suboptimal strategy. 
There is no guarantee that such a strategy would result in keypoint 
tracks with more than two elements.

To ensure that each track consists of as many keypoints as possible, 
we first aim to generate all subsets 𝑆 of the complete set of images 
𝐼 = {𝐈𝑙 | 𝑙 = 1,… , 𝑁𝐼} for which each subset 𝑆 contains at least 3
images and consists solely of images observing a common part of the 
3D scene, i.e., at least one common 3D point. To find these subsets, we 
identify all complete subgraphs (‘‘cliques’’) within the view graph using 
a well-established, efficient clique-finding algorithm [50]. The view 
graph is a collection of nodes and edges where each node represents 
an image and an edge between node 𝑖 and 𝑗 signifies that image 𝑖 and 
image 𝑗 contain valid matches. It is either user-defined or automatically 
determined from exhaustive pairwise matching and geometric verifi-
cation [20]. A complete view graph – i.e., a set of images in which 
every pair of images from this set has a certain degree of overlap – is 
a necessary (but insufficient) condition for the images in this graph to 
observe a common part of the scene. In other words, the image subsets 
observing a common part of the scene are contained within the set of 
possible complete view subgraphs. Fig.  3 exemplifies the identification 
of complete view subgraphs from a full view graph.
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Fig. 2. Output examples of he fully automatic background masker, based on monocular depth maps generated by Depth Anything [17], applied on UAV-captured images. The 
background/foreground normalized depth threshold is set to be 0.5.
Fig. 3. Identification of complete subgraphs (‘‘cliques’’) with 3 or more nodes from the view graph. Within each clique, all images are assumed to observe a common part of the 
3D scene.
Within each subset 𝑆 containing the images of a clique, we select a 
reference image 𝐈𝑟. Next, for each remaining image 𝐈𝑞 in 𝑆, we create a 
binary mask 𝐁𝑟,𝑞 with dimensions 𝐻 ×𝑊 , where 𝐻 and 𝑊  denote the 
height and width of the images. This mask holds a value of 1 where the 
certainty map 𝐂, resulting from matching 𝐈𝑟 to 𝐈𝑞 , exceeds a specified 
threshold, and 0 otherwise. The final mask, 𝐁𝑆 , is the elementwise 
product of all intermediate masks: 𝐁𝑆 =

∏

𝑞 𝐁𝑟,𝑞 . From this mask, 
we randomly sample up to 𝑀 locations (ℎ,𝑤) where 𝐁𝑆 (ℎ,𝑤) = 1. 
These locations represent keypoints in 𝐈𝑟 for which the matcher found a 
confident match in each query image of 𝑆. For each of these locations, 
we can extract a keypoint track of length |𝑆| by chaining together the 
keypoint in 𝐈𝑟 and the keypoints in each 𝐈𝑞 matched to this point. This 
workflow is generalized and formalized in Algorithm 1. Note that in 
the rare event where the images in 𝑆 do not capture a common part 
of the scene, no confident tracks will be identified. Consequently, this 
scenario will not affect the quality of the output.
Hierarchical block matching for full-resolution matches

Another challenge posed by extracting keypoint tracks from dense 
matches is caused by the fact that the matchers process the images by 
complex neural networks behind the scenes. Processing high-resolution 
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images with neural networks is generally infeasible at full resolution, 
as processing them on a GPU requires too much VRAM and processing 
them on a CPU is slow. Hence, images are usually downscaled before 
passing through a neural network. The output will then also be at a 
lower resolution than the input, or it will be interpolated to fit the 
original resolution. To prevent the loss of information associated with 
downscaling or interpolation, we implemented two-layer hierarchical 
block matching, allowing us to process the images at full resolution 
with an intermediate processing step at a lower resolution. For each 
overlapping image pair, we downscale the images to fit the training 
resolution of the dense matcher. Then, we consider each image pair 
again, dividing the reference image of the pair into a grid with cells 
of equal size. Each cell has dimensions that are equal to or smaller 
than the training resolution of the dense matcher. For each cell in the 
reference image, we utilize the results of the coarse matching step to 
identify the region in the query image that corresponds to this cell. 
We sample a fixed number of matches originating from the reference 
cell. Inaccurate matches are filtered out by discarding the outliers of 
MAGSAC++-based fundamental matrix estimation [51]. The relevant 
region in the query image is cropped by the bounding box enclosing 
the matched points in the query image, with an additional 10% margin. 
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Fig. 4. Overview of sparse reconstruction pipeline.
Algorithm 1 Extraction of keypoint tracks from dense matches and 
certainty maps
𝐼 ← LoadImages()
𝑃 ← GetImagePairs(𝐼)
𝑊 ,𝐶 ← EmptyLists()
for all 𝑝 ∈ 𝑃  do
 𝑤𝑝, 𝑐𝑝 ← DenseMatcher(𝑝) ⊳ Warp & certainty map
 𝑊 ← AppendToList(𝑊 , 𝑤𝑝)
 𝐶 ← AppendToList(𝐶, 𝑐𝑝)
end for
𝑉 ← GetViewGraph(𝐼,𝑊 ) ⊳ Generate the view graph
𝑆 ← GetCliques(𝑉 ) ⊳ Find cliques in the view graph
𝑇 ← EmptyList() ⊳ To collect the keypoint tracks
for all 𝑠 ∈ 𝑆 do
 𝑟 ← SelectReferenceIndex(𝑠) ⊳ Index of the reference image in 𝑠
 𝑄 ← GetQueryIndices(𝑠, 𝑟) ⊳ Indices of the query images in 𝑠
 𝑊𝑠 ← CollectWarps(𝑊 , 𝑟,𝑄) ⊳ The warps from 𝐼𝑟 to each 𝐼𝑞∈𝑄
 𝐶𝑠 ← CollectCertaintyMaps(𝐶, 𝑟,𝑄) ⊳ The certainty maps 

from 𝐼𝑟 to each 𝐼𝑞∈𝑄
 𝐵𝑠 ← BinaryThresholding(𝑊𝑠, 𝐶𝑠) ⊳ Masks indicating 

confident matches from 
𝐼𝑟 to each 𝐼𝑞∈𝑄

 𝑡 ← GetConfidentTracks(𝑊𝑠, 𝐵𝑠) ⊳ Sample confident 
keypoint tracks

 𝑇 ← AppendToList(𝑇 , 𝑡)
end for

The reference grid cells and the query image crops are passed to the 
dense matcher. Since the dimensions of the cells are equal to or smaller 
than the training resolution of the matcher, they do not need to be 
downscaled and no information will be lost. Assuming the query image 
is captured from approximately the same distance as the reference 
image, which is typically the case in drone-based inspections, the query 
image patch will have similar dimensions to the reference cell and will 
be processed at full resolution.

The hierarchical block matching improves matching accuracy, but 
this comes at the cost of increased time requirements for the matching 
step, which scales linearly with the average number of grid cells per im-
age. However, the increase in computation time remains manageable, 
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as masking the backgrounds typically reduces the number of cells in 
each image to just a few.

The overview of the entire sparse reconstruction pipeline is shown 
in Fig.  4. For the dense matcher, we opted for RoMa [15], which 
has set the state-of-the-art in both accuracy and robustness in chal-
lenging matching conditions. The keypoint tracks extracted using the 
method outlined above are then exported to COLMAP [20], where the 
incremental reconstruction and bundle adjustment steps are performed.

3.3. Dense 3D reconstruction

The capability of Gaussian Splatting to produce accurate outputs 
despite imperfect input images, combined with its high speed and low 
memory requirements, makes it an appealing alternative to traditional 
MVS techniques. In this work, we demonstrate the feasibility of Gaus-
sian Splatting for the dense 3D reconstruction of wind turbine blades by 
building on top of the 2DGS [35] framework. We chose this framework 
because we focus on surface reconstruction rather than volumetric 
reconstruction. For surface reconstruction, selecting 2D primitive ele-
ments is more appropriate than 3D elements, as it aligns better with 
thin surfaces. Additionally, 2D Gaussians enable loss terms that are 
impractical to compute in 3D Gaussian Splatting, such as the depth 
distortion loss and the normal alignment loss. The depth distortion 
loss concentrates the splats by regularizing the intersection depths of 
camera rays and splats, while the normal alignment loss ensures that 
all 2D splats are locally aligned with the actual surfaces. These loss 
terms enhance 3D reconstruction capabilities, with a slight trade-off in 
novel view synthesis capabilities. This trade-off is acceptable, as our 
primary interest lies in the 3D model.

When it is desired to only reconstruct the object(s) in the foreground 
of the input images, background Gaussians can be removed as a post-
processing step, e.g. by extracting a 3D bounding box enclosing the 
relevant object or by space carving using the background masks and 
camera poses. This approach is suboptimal, as computational resources 
are wasted when training the model. Reconstructing the background 
necessitates creating, rendering, optimizing, and densifying Gaussians 
which will ultimately be discarded. Moreover, by allowing the recon-
struction of the background, the model is more likely to be corrupted by 
floating Gaussians, which are detrimental to the geometric consistency 
of the 3D model. These artifacts can be caused by, e.g., a low amount 



J. Sterckx et al. Automation in Construction 175 (2025) 106153 
Fig. 5. Training progress of 2DGS with background masking, as seen from a fixed camera pose.
of input images or a semi-transparent background such as the sky. 
For these reasons, we propose the additional loss term mask which is 
defined in Eq. (1). This term is added to the other loss terms of 2DGS 
with a relative weight controlled by the hyperparameter 𝜆. We set 𝜆 to 
10−5 in the experiments. 
mask = 𝜆

∑

𝐩∈𝑃𝑀

[𝛼(𝐩)]2 (1)

A pixel 𝐩 which belongs to the set of background pixels 𝑃𝑀  contributes 
to this loss with a value proportional to the square of its rendered 
opacity 𝛼(𝐩). The opacities are calculated during the rendering process 
in each training iteration of 2DGS and are readily available as auxiliary 
outputs of the renderer. The background pixels are identified with the 
binary masks calculated during the preprocessing step of the sparse 
reconstruction. Fig.  5 visualizes the evolution of the 3D model during 
training, rendered from a fixed perspective.

4. Results

The following section presents the experimental evaluation of the 
proposed method, comparing it against alternative techniques for both 
sparse and dense 3D reconstruction. The experiments assess keypoint 
matching accuracy, sparse reconstruction quality, and dense model 
completeness, demonstrating the advantages of the proposed approach 
across multiple datasets and scenarios.

4.1. Sparse reconstruction

To demonstrate the robustness and accuracy of our RoMa-based 
matcher, we compare it against two highly regarded keypoint detection 
and matching methods, each representing a different paradigm in the 
field. The first baseline employs the traditional SIFT keypoint detector, 
combined with a 2-nearest neighbor (NN) search and Lowe’s ratio 
test [21], a longstanding method in feature matching known for its 
reliability and precision. The second baseline leverages the modern 
deep learning-based methods SuperPoint (SP) [41] for keypoint detec-
tion and SuperGlue (SG) [42] for matching. These methods are chosen 
for their cutting-edge performance and widespread adoption in recent 
research, providing a robust benchmark for evaluating our approach.

Fig.  6 contains a qualitative comparison of the considered matchers 
applied on image pairs of the Blade30 dataset [49], which includes 
drone-based inspections of 30 wind turbine blades under diverse illu-
mination conditions and across various blade types, featuring a wide 
range of damage and texture variations. We evaluate the matchers on 
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image subsets where the leading edge of the blades is visible and there 
is sufficient overlap to identify matches.

To quantitatively compare the accuracy of the matchers, we use 
the symmetric epipolar distance, 𝑑epi, as the evaluation metric. This 
measure is used in computer vision, particularly in stereo vision and 
SfM, to evaluate the geometric consistency of corresponding points in 
two images. When dealing with stereo images or multiple views of 
a scene, the epipolar geometry encapsulates the relationship between 
the images, defined by the epipolar constraint. The symmetric epipolar 
distance quantifies the deviation of corresponding points from the 
(estimated) epipolar lines in both images [47].

Table  1 compares the symmetric epipolar distances, expressed in 
pixel units, for each of the considered matching methods and for the 
selected image pairs of the Blade30 dataset [49]. Additionally, the 
number of inlier matches, 𝑀 , is reported. Red entries in the table 
indicate unreliable results, arising from fundamental matrix estimations 
based on poor matches, as identified through visual inspection of Fig. 
6. Bold entries highlight the best results for each experiment.

Fig.  6 illustrates the matching results of each method across these 
image pairs. For a fair comparison, the input images are processed at 
full resolution for each method, and outlier matches are all filtered by 
MAGSAC++ with noise scale 𝜎 = 1. The number of matches in each 
image pair – visualized by randomly colored lines – is limited to 25. 
Images are masked using the proposed background masker.

To evaluate our sparse reconstruction pipeline, we compare our 
approach with Agisoft Metashape [26] and COLMAP [20], which are 
extensively recognized and influential in the field of 3D reconstruction. 
These tools represent leading standards in both commercial and open-
source software for 3D reconstruction, providing a robust benchmark 
for our method. We apply the highest-quality preconfigured settings for 
sparse reconstruction to both methods. Our method samples up to 104
keypoint tracks per clique in the view graph, with a minimum match 
confidence threshold of 0.1.

In Fig.  7, we demonstrate a failure case of the existing sparse 
reconstruction pipelines. The images originate from blade 15 of the 
Blade30 [49] dataset. Our method can obtain a sparse reconstruction 
with sensible camera poses and a large number of points with low 
reprojection errors. In contrast, COLMAP fails to register any images, 
and the results produced by Agisoft Metashape are unreliable.

The reprojection error of a 3D point is calculated by projecting this 
point onto the images containing the keypoints used for its triangu-
lation and measuring the average distance between the reprojection 
locations and the original keypoint locations. Low reprojection errors 
indicate accurate camera poses and an accurate sparse point cloud [47].
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Fig. 6. Qualitative comparison of baseline matchers and the RoMa-based hierarchical block matcher.

Fig. 7. Failure case in traditional SfM pipelines that the proposed method handles effectively.
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Table 1
Comparison of our RoMa-based hierarchical block matcher to baseline matchers.
 Blade30 ID SIFT + NN SP + SG Ours

 𝑑epi 𝑀 𝑑epi 𝑀 𝑑epi 𝑀  
 2 0.68 329 1.11 138 0.57 8925 
 3 0.54 207 1.18 167 0.33 9819 
 5 0.49 18 1.21 64 0.36 9487 
 8 0.30 29 1.15 49 1.05 6263 
 10 0.00 8 0.10 10 0.53 9163 
 14 – 0 0.73 39 0.87 8933 
 18 0.33 29 1.07 73 0.28 9875 
 24 0.31 12 1.23 63 0.63 8574 
 26 0.42 381 0.58 104 0.29 8986 
 

Table 2
Comparison of sparse reconstruction pipeline to COLMAP and Agisoft Metashape.
 Dataset ID COLMAP Metashape Ours

 𝑒reproj 𝑁 𝑒reproj 𝑁 𝑒reproj 𝑁  
 1 0.68 1578 0.58 2791 0.42 356867 
 2 0.89 3560 1.38 16802 0.53 115531 
 3 0.88 2132 1.14 12825 0.46 293507  

The dataset for this experiment is distinct from the one used for 
comparing the matchers, as the Blade30 dataset lacks sufficient image 
overlap to construct a 3D model. This dataset comprises three image 
sets, with samples illustrated in Fig.  8. Sets 1 and 2, provided by 
ENGIE, include drone inspection images and handheld images of a 
decommissioned blade, respectively. Set 3, which is publicly available, 
is detailed in the work by Nielsen et al. [46]. These image sets were 
chosen to ensure that the baseline methods could still produce valid 3D 
models. This approach underscores that our method achieves superior 
accuracy, even where other methods generate viable outputs.

Table  2 reports the root mean squared reprojection errors, 𝑒reproj, 
and the number of points in the point cloud, 𝑁 , for each method. 
Bold entries indicate the best results for each experiment. During sparse 
reconstruction, outlier keypoint tracks are filtered by removing the 
ones that result in a 3D point with a reprojection error larger than 
a predetermined threshold. For a fair comparison, we use the same 
threshold in each experiment.

4.2. Dense reconstruction

We compare the dense reconstruction capabilities of COLMAP, Ag-
isoft Metashape, and our method. Our comparison is limited to a 
qualitative analysis, as a quantitative comparison would necessitate a 
ground truth dense 3D model of a wind turbine blade. To the best of 
our knowledge, no such datasets are publicly available.

To compare the dense reconstruction methods, we acquired a dataset
with a high degree of image overlap. This high overlap is crucial for 
both MVS and GS. Increased image overlap enhances the depth maps of 
MVS – particularly in textureless or repetitive regions where matching 
is challenging – due to the benefits of multi-view geometric consistency 
checks [52]. Furthermore, additional images help to average out noise 
through depth map fusion. On the other hand, Gaussian Splatting is 
prone to overfitting when the number of images is insufficient.

Our dataset consists of 23 images of a 50 cm-long section of the 
leading edge of a decommissioned wind turbine blade. These images 
were captured using a handheld Nikon D5300 camera from a distance 
of approximately 1 m and with a focal length of 26 mm. While drone in-
spections typically occur from a greater distance, using zoom lenses can 
achieve a similar level of detail, provided that appropriate measures are 
taken to limit blur during imaging.

Fig.  9 displays dense reconstructions of a section of the leading 
edge. For a fair comparison of the dense reconstruction methods, each 
method was provided with the same camera pose estimates – those of 
our novel sparse reconstruction pipeline – and processed the images 
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at a resolution of 2 megapixels. Other than adjusting the resolution, 
all parameters remained at the standard settings across all methods. 
Most notably, our GS-based method exhibits markedly improved com-
pleteness over MVS-based approaches. Defining the completeness as the 
number of foreground pixels with a valid depth value divided by the 
total number of foreground pixels, the completeness of the depth maps 
from COLMAP, Metashape, and our method are 65%, 60% and 100%, 
respectively. This increased completeness can be particularly beneficial 
for surface defect analysis and mesh extraction. Quantifying the dif-
ferences in accuracy proves challenging due to the absence of ground 
truth data. Nevertheless, through qualitative inspection, it is clear that 
the custom 2DGS can reconstruct intricate surface irregularities with a 
similar level of detail as the alternatives.

To demonstrate the usefulness of the proposed background loss 
term, Fig.  10 shows a dense depth map and normal map, with and 
without masking the background and including the additional loss 
term. The new loss term is crucial for the 3D geometry, especially in 
scenarios like drone inspections, where input images typically have 
limited overlap and do not capture the object from various angles. 
Despite the significant artifacts in the depth and normal maps in the 
unmasked case, the foreground rendered by GS remains artifact-free. 
This is a clear sign of overfitting to the input images and highlights the 
need for regularization, which is handled by the background loss term. 
Furthermore, due to its lightweight computation, these improvements 
do not incur additional runtime costs.

5. Discussion

The results in Table  1 reveal that our approach with RoMa-based 
matching significantly outperforms the other techniques, achieving the 
lowest epipolar distance across most images, which reflects higher 
geometric consistency in the matches. Furthermore, it provides a sub-
stantially higher count of valid matches, indicating that our method 
is more effective in handling the challenges posed by textureless and 
repetitive blade surfaces and drone-based imaging. The marked im-
provement in both accuracy and match quantity in our method suggests 
it is better suited for demanding 3D reconstruction contexts, such as 
those encountered in wind turbine blade inspection. Moreover, by 
finding correct matches where other methods fail – which is the case 
for several of the image sets of the Blade30 dataset – our method will 
be capable of producing a valid 3D output in more challenging imaging 
conditions.

Table  2 presents a comparative evaluation of our sparse recon-
struction pipeline against COLMAP and Agisoft Metashape, focusing on 
root mean squared reprojection error and the number of points in the 
3D sparse point cloud. Our method consistently achieves the lowest 
reprojection error and highest point count across all tested datasets, 
underscoring its superior accuracy and robustness in camera pose 
estimation and 3D structure recovery. This advantage is largely due 
to the redundancy afforded by the extensive keypoint tracks extracted 
from dense matches, which enhances resilience against potential errors 
in keypoint tracking, as discussed in Section 3.1. By successfully re-
constructing sparse models in challenging imaging conditions – where 
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Fig. 8. Samples from the image sets used to compare the sparse reconstruction pipelines in Table  2.
Fig. 9. Comparison of dense point cloud and depth map sections generated by COLMAP, Agisoft Metashape, and 2DGS with background loss.
traditional methods often fail to produce viable models (as shown 
in Fig.  7) or yield less accurate results – our approach demonstrates 
enhanced resilience and precision. This combination of reduced re-
projection error and a significantly denser point cloud establishes our 
method as a more reliable solution for high-quality 3D reconstructions 
in demanding scenarios.

Fig.  7 shows a failure of COLMAP and Metashape to reconstruct a 
valid sparse 3D model. The images contain very few easily discernible 
keypoints due to their textureless surface, which presents a challenge 
for traditional keypoint matching, as implemented in COLMAP and 
Metashape. Visual inspection of the matches identified by COLMAP and 
Metashape reveals a low ratio of accurate to inaccurate matches. Both 
software tools attempt to differentiate correct from incorrect matches 
using RANSAC. COLMAP is configured to reject image registration 
when the inlier ratio is too low, resulting in an empty output. In 
contrast, Metashape generates an output regardless. However, as shown 
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in Fig.  7, this output is unreliable. Note that, even if all outliers were 
filtered out, the low number if inliers means that the camera pose 
estimates and 3D point cloud would still be highly sensitive to minor 
errors or noise in the remaining keypoint matches.

The dense reconstruction was performed using novel Gaussian Splat-
ting techniques. While the original 3D Gaussian Splatting method has 
been created primarily with novel view synthesis in mind, recent devel-
opments have provided creative solutions to regularize the underlying 
3D geometry of the model. In this paper, we showcased the feasibility 
of using 2DGS in combination with a background loss term to create 
an accurate 3D model from images of a wind turbine blade. The 
background loss prevents creating Gaussians which are not needed to 
model the surface of the foreground object. Fig.  10 demonstrates that 
background masking can be essential to create an accurate 3D model. 
The enhanced completeness of the dense reconstruction achieved with 
GS, compared to MVS, is illustrated in Fig.  9. Additionally, despite 
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Fig. 10. Effect of background loss on 3D geometry of the Gaussian Splatting model. Surface normals are derived from the depth map and represented using RGB values for 
visualization.
being a relatively new technology with significant potential for further 
improvements, GS is already capable of reconstructing very fine surface 
details.

Having shown how GS can be a viable alternative to MVS techniques 
for the 3D reconstruction of wind turbine blades, we hope to open 
up avenues toward exploiting the flexibility of the GS framework 
by creating or employing customized GS pipelines. Research efforts 
focused on accurate surface reconstruction and deblurring integrated 
into GS are expected to converge into a unified framework. As this 
integration advances, GS is likely to become the preferred method 
for 3D reconstruction from real drone imagery, which often faces 
challenges such as out-of-focus blur and motion blur.
Despite its advantages, our method is computationally demanding, 
especially during the dense matching and keypoint track extraction 
phases. Furthermore, the current lack of integrated deblurring func-
tionality may restrict the method’s effectiveness in high-speed drone 
inspections, where motion blur could impact reconstruction accuracy.

The quality of a 3D reconstruction is highly dependent on the degree 
of image overlap. Most public datasets of blade inspections have very 
limited overlap, rendering them useless for 3D reconstruction. Further-
more, to the best of our knowledge, there are no public datasets with 
ground truth 3D data of (decommissioned) blades, which is essential for 
quantitatively validating and refining reconstruction algorithms. The 
acquisition of datasets with high-overlap drone imagery and datasets 
with precise ground truth 3D models of blades – e.g., with precision 
laser scanning – would therefore be of tremendous value to supporting 
the progression of 3D reconstruction and surface analysis techniques in 
this field.

6. Conclusion

This paper presented a robust and accurate image-based 3D re-
construction method for the leading edges of wind turbine blades, 
tackling challenges such as textureless surfaces, background motion, 
and limited image overlap. By leveraging recent advances in monocular 
depth estimation, our method enables reliable background-foreground 
segmentation, making it effective for non-static scenes and overcom-
ing generalization challenges. We enhance traditional photogrammetry 
techniques by integrating dense image matching within a sparse 3D 
reconstruction framework, addressing their limitations in producing 
accurate, viable 3D models. To improve the quality of the dense re-
construction, we introduce a novel loss term for Gaussian Splatting, 
which reduces floating artifacts, resulting in dense 3D models with 
accuracy comparable to Multi-View Stereo but with significantly im-
proved completeness. Our technique is highly applicable to the wind 
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energy sector, delivering precise 3D blade models that pave the way for 
automated erosion quantification and long-term monitoring to enhance 
maintenance and operational efficiency.

Additional improvements to the dense reconstruction can be
achieved by incorporating prior knowledge of blade geometry into the 
loss function of 2DGS during training to enhance model regularization. 
Furthermore, implementing adaptive approaches for Gaussian densifi-
cation can improve reconstruction detail near the blade’s leading edge 
while efficiently managing memory usage. Finally, since drone-based 
images are typically captured from a few meters away, motion blur 
and out-of-focus blur may result in significant detail loss, hindering 
the recovery of a highly detailed 3D model. While our current method 
does not include a deblurring module, modeling the physical image 
formation process for motion-blurred images – by jointly learning the 
parameters of Gaussians and recovering camera motion trajectories 
during exposure, as proposed in [34] – could effectively address this 
issue when integrated into the 2DGS framework.

Future work could also focus on automated surface defect analy-
sis based on the dense reconstruction of the leading edge, enabling 
quantification of erosion and other damage. Comparing the 3D models 
of the leading edge of a blade across subsequent inspection would 
enable the study of the progression of leading edge erosion, facil-
itating improved maintenance strategies. Additionally, incorporating 
these detailed 3D models into aerodynamic simulations could provide 
a deeper understanding of how erosion impacts the power output of 
wind turbines.
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