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Abstract

This thesis focuses on the challenge of automated flaw detection by developing a method for surface crack detection

that uses a data fusion approach. Flaw detection is needed to detect damage that could compromise structural

integrity, leading to further consequences. Identification of flaws is important to analyse the severity and then

take action to rectify any issues. Automated approaches using AI are needed to reduce cost as well as to speed

up identification and increase accuracy. The presented research developed a method that followed a multi-stage

approach, where data from multiple sensors are fused into a 3D representation with the use of AI models. Then,

detection is done on that representation to identify the cracks so that further analysis can be done to determine

the crack severity. Research contributions are from both stages. First, data fusion improvements for RGB images

were worked on, and a novel method for fusing depth data from RGB stereo and LiDAR data was developed.

Then, a method for crack identification from RGB-D data using a novel synthetic data generation method was

developed. Evaluation of the contributions was carried out to demonstrate the improvements due to data fusion

with comparisons to other methods. The key findings included: metric evaluations showing the developed enhanced

image fusion technique improved RGB image quality. The developed novel stereo and LiDAR data fusion method

showed lower error than either input method alone. The evaluation of the developed novel crack segmentation

method using synthetic data showed that models can be effectively trained in the absence of extensive real-world

data.
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Code and Data Availability

Relevant source code and data developed for this thesis will be made publicly available and added to a centralised

repository. The codebase is hosted on GitHub.

� Repository: https://github.com/benedictmarsh2/AI-enabled-flaw-detection-using-multi-sensory-data-fusion
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Chapter 1

Introduction

The aim of this research is to develop methods to detect and analyse flaws such as cracks or defects by using a

multi-sensor fusion approach. The benefit of using multiple sensor types is that it allows higher accuracy in scenarios

where one of the sensors would have lower accuracy by using the data from the other sensors, so the fused data

is higher accuracy than any one of the individual sensors on its own [1]. Flaw detection is essential in a range of

industries, such as manufacturing processes and infrastructure maintenance.

1.1 Motivation

This research is motivated by the need for automated approaches to identifying flaws, as previous manual inspection

approaches can miss up to 40% of defects [2], while automated inspection systems can achieve detection accuracy

as high as 99% [3]. In manufacturing, flaws such as manufacturing defects can cause disruptions to the production

line, and the end product can have impaired structural integrity. Detecting these flaws at an early stage in the

production line allows for automatic decision-making to rectify the errors and ensure more efficient production

with no breakdowns and high-quality products. Similarly, with infrastructure such as roads and pavements, it is

important to detect cracks and potholes in the surfaces to ensure efficient movement along these roads and avoid

further potential degradation that could result in damage to vehicles and present a safety risk. Manual inspection

for flaws is costly due to the time and labour needed to perform these checks, and it can be more error-prone,

where it has been found that human inspectors failed to catch 15% of defects on average [4]. Automated approaches
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such as AI-driven systems can achieve detection accuracy of 97-99% [3]. A specific example of this is shown in a

technical textile plant, which achieved a reduction in defect rates by 30% and increased inspection speeds by 25% [5].

Automated methods require sensors and computer vision algorithms to identify the flaws or to do non-destructive

testing. However, they usually only use a single sensor modality, such as ultrasonic or visible RGB.[6, 7, 8]

1.2 Contributions

The core objective of this research project is to develop robust flaw detection methods that are capable of analysing

the data representation of the scene captured from the sensors. This representation is obtained by combining data

from multiple sensor modalities and then identifying specific visual cues that indicate if it contains a flaw. This

will build on existing techniques and result in improvements in detection and analysis with higher performance

evaluated with objective metrics. The aim is to develop new algorithms by using deep learning approaches to

accurately characterise flaws, including cracks. The detection will be performed by training a deep neural network

on data to improve accuracy with data fusion and detection. This enables automated analysis and classification

of the detected structural flaws. Once flaws have been effectively identified and characterised, analysis can be

performed on the potential consequences and implications for the object’s structural integrity. To do this, the

aim is to achieve improvements with techniques for data fusion, demonstrating the improvements made by using

multiple sensors compared to a single sensor. An additional aim is to connect these data fusion techniques to

detection and identification techniques to demonstrate a complete method that would use data fusion to identify

flaws in a real-world application.

This follows a detection process composed of the following steps:

� The data from multiple sensors is fused into a single representation of the object that potentially contains a

flaw. The representation would contain more information than any individual sensor, such as capturing a 3D

representation from multiple sensors, each capturing only 2D information.

� The fused representation is then analysed with a detection method to determine the presence of a flaw and

to analyse the severity of the flaw.

This modular approach is followed since it can build on the wealth of existing techniques and access a larger amount
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of data used with machine learning-based methods. The data fusion methods that perform the detection or analysis

directly from data sources are not explored since validating with real-world data would be more difficult due to

the lack of data availability from multiple sensors. In order to do data fusion and detection in a single method, it

would require data captured with multiple modalities as well as labelled flaws in the data; however, these datasets

are limited. So, the approach followed develops a data fusion model that is not specific to any flaws, and can use

a wider range of data, but it can then be combined with a detection model for specific flaws. The current trends

with data fusion and flaw direction have pushed towards deep learning-based methods, so the research will focus

on this area.

1.3 Multi-sensor fusion

The use of multi-sensor fusion is a fundamental aspect of this research. It focuses on developing methods that

utilise data acquired by sensors of various modalities, including visible light red-green-blue (RGB) cameras, Time-

of-Flight (ToF) sensors, and Light Detection and Ranging (LiDAR) sensors. These methods combine the sensor data

to generate a unified three-dimensional (3D) image representation of the observed scene, leveraging the strengths

of each sensor. For instance, when regions lack texture, RGB cameras will struggle to detect depth accurately.

In this situation, having an additional sensor like ToF can provide precise depth information for those specific

regions. Conversely, in areas with fine and complex structures, the higher resolution of RGB cameras enables more

accurate depth determination. This fusion approach enables improved reconstruction of the objects of interest that

potentially contain flaws, enhancing the effectiveness of flaw detection methods.

For RGB cameras, these will produce a 2-dimensional colour image from which 3D information cannot be directly

computed. For the process of 3D reconstruction with RGB cameras, multiple images are captured at different

viewing positions so corresponding information can be found between images, and depth can be computed from

the disparity by using the camera calibration parameters. ToF sensors will produce a depth map of the scene

where each pixel contains a depth measurement. These depth measurements are used to map to a 3D point if the

sensor’s calibration parameters are known. LiDAR sensors will produce 3D points of the scene that will form a

point cloud. Other sensor modalities, such as ultrasonic, were not considered due to the lack of data availability

for these modalities.
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Data from multiple sensors can be easily fused into a single 3D representation by using each sensor’s pose to

transform the data into the same global coordinates. They can then be fused into 3D representations such as

voxels, point clouds and meshes. Voxels are a 3D grid of values that can be used to represent a scene, with the

location of the value in the grid representing a 3D coordinate, and the value gives information about the scene at

that location, such as whether an object in the scene is occupying that space. Voxels have a fixed size, so large

amounts of data can be fused without the scene growing in memory. However, a voxel grid will need lots of memory

to represent high amounts of detail. Voxels can also be converted into a mesh with algorithms such as the marching

cubes algorithm [9]. Point clouds can be used to represent highly detailed scenes without using the same amount of

memory that a voxel grid would need. Since point clouds are sets of 3D points, when fusing large amounts of data,

the number of points will also increase. Point clouds can also be converted to a polygon mesh, which has vertices

(points) that are connected by edges. These point clouds are converted to meshes with algorithms such as Screened

Poisson Surface Reconstruction [10].

The fused representation produced from the data fusion process is useful for the analysis of the flaws. Machine

learning and numerical computation can be used to model the data from the fused representations, which can

then be used for specific flaws such as cracks. This can then be used to train machine learning models to make

inferences about the data to enable automated decision-making depending on the flaws. The focus is on data fusion

representations for crack scenes and then using machine learning models to analyse the severity of the cracks by

using properties such as the length of the crack.

1.4 Thesis outline

The following chapters are structured as follows:

� Chapter 2: Background

This chapter covers the background information that is relevant to this research. It first covers the background

for data fusion and flaw detection. For data fusion, there are detailed explanations for key data fusion methods

for 3D reconstruction, which inform the methods developed. It focuses on methods that use LiDAR sensors

and RGB stereo sensors, which are the sensor modalities used in the research. For flaw detection, a high-level

overview of the key trends and methods used for flaw detection is presented. In the following sections, further

4



details about the application area of focus are given, which is crack detection on roads. Background for more

specific areas of research focus, such as crack segmentation and synthetic data generation, is covered.

� Chapter 3: Image fusion

This chapter covers Image fusion, which describes the methods implemented, which are “Image Fusion with

Guided Filtering” [11] and “Infrared and Visible Image Fusion using a Deep Learning Framework” [12]. For

these methods, evaluations are performed, explaining the metrics implemented to get the objective evalu-

ations. Modifications made are described, and the results and comparisons with the original method are

showcased. An image fusion method that uses 3D data is shown. Work done with the implementation and

the improvements made with evaluations compared to the original is covered.

� Chapter 4: LiDAR and stereo data fusion

This chapter covers the LiDAR and stereo data fusion. Work on producing a review paper that describes and

compares state-of-the-art methods that use these sensor modalities, by looking at the accuracy metrics and

techniques used, is presented first. These methods include RGB stereo methods, depth completion methods

and LiDAR Stereo fusion methods. Work done in developing a novel method, which builds on the techniques

from the state-of-the-art methods, is covered, and an evaluation of the method is provided.

� Chapter 5: Crack detection

This chapter covers crack detection. The first section is the work done to implement the method “Downstream

Semantic Segmentation Model for Low-Level Surface Crack Detection” for the detection and analysis of cracks

and determining significance. The following section covers a novel method for segmentation of road cracks,

describing the process used for synthetic data generation, training the deep learning model with that data,

and finally, the results of the method with comparisons to other methods.

� Chapter 6: Final conclusions

This chapter covers the conclusions of each chapter, explaining the results obtained from this research. The

limitations of the research are discussed, and future directions for the work are noted.
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Publications

These papers have been accepted and published:

Benedict Marsh, Abdul Hamid Sadka, and Hamid Bahai. A critical review of deep learning-based

multi-sensor fusion techniques. Sensors, 22(23):9364, 2022.

Benedict Marsh and Ruiheng Wu. Crack segmentation in roads using synthetic data and RGB-D data

fusion. Computer Vision and Image Understanding, 2025 Jul 25:104452, 2025.

The first paper, “A critical review of deep learning-based multi-sensor fusion” relates to the work done in Chapter 4.

The second paper, “Crack segmentation in roads using synthetic data and RGB-D data fusion” relates to the work

done in Chapter 5.
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Chapter 2

Background

This chapter provides the research context, including relevant literature and background information that informed

the research described in this thesis. The first section covers 3D reconstruction from data, which is needed to

analyse the object that could contain a flaw. In order to perform an analysis of a flaw, the geometry of the object

under inspection needs to be accurately captured. Therefore, this research focuses on 3D reconstruction methods

using data fusion to construct the 3D representation since existing automated inspection systems are limited by

relying on a single sensor modality.

The following sections cover LiDAR and RGB stereo methods. The RGB cameras can provide accurate geometry

estimates where there is rich texture detail, but are less effective at estimating geometry for surfaces that lack

texture, whereas active sensors like LiDAR can capture precise depth measurements in these regions but are limited

by only providing sparse measurement points, so the research focuses on these two sensor modalities and how they

can be fused to provide more robust geometry estimates.

In the following sections, the background of flaw detection, crack segmentation, and synthetic data generation is

covered. This covers the primary application of this research, which is flaw detection, where it focuses on cracks,

which are a class of defects that are very common and also significant for predicting the structural integrity in

manufacturing and infrastructure. To determine the severity of a crack, the crack geometry needs to be determined,

which is why crack segmentation is covered. Deep learning-based methods are the leading approaches in the research
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for crack detection. However, these methods are limited by data availability, so synthetic data generation is covered.

2.1 Data fusion for 3D reconstruction

Multiple depth maps can be fused directly into point clouds or voxels [13] using sensor poses calibration parameters.

Another approach is to obtain directly overlaid depth maps where the depth pixels across the depth map will

be measuring the same points instead of fusing different points captured from different sensors into a single 3D

representation, such as with point clouds or voxels, where data from one sensor would fill in the gaps of the other

sensors. This way, the depth measurements in the depth map are measuring the same positions in the scene, so

image fusion can be carried out to get a fused depth map. This has been done with multiple sensor modalities,

such as an RGB camera pair and a ToF sensor to get depth maps from stereo matching, where the pair of RGB

images captured by the camera are searched for corresponding points to generate a depth map, the ToF depth map

is reprojected over the RGB camera’s depth map for fusion [14, 15, 16, 17].

2.1.1 Multi-view Image and ToF Sensor Fusion for Dense 3D Reconstruction

For the method “Multi-view Image and ToF Sensor Fusion for Dense 3D Reconstruction” [18], the input data used

is 5 RGB cameras and 3 ToF depth sensors, each capturing a single image or depth map, so there will be 5 colour

images I = {I1, I2, ..., I5} each with a resolution 1024 × 768 and 3 depth maps D = {DA, DB , DC}. The 3 ToF

sensors are each paired to an RGB camera with an approximately identical viewing position, so the depth maps

can be each paired with a colour image (I1, DA), (I3, DB), (I5, DC).

Calibration using silhouettes

To best align the depth maps, the error from the true measurements needs to be minimised. This error is the

result of some unavoidable random noise and some systematic bias, so this error can be modelled with the following

probability distribution model:

p(z|x) ∼ N (x + b(x), σ2(x)) (2.1)

Where the depth measurement z follows a normal distribution N (µ, σ2) where the mean µ is x+ b(x), x is the true

depth, and b(x) is the bias, which is a function of the true depth. Then the variance σ2 is σ2(x), which is a function
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of the true depth. The bias is reduced by finding a lookup table to approximate b(x):

b(x) =



b1, if x = x1

b2, if x = x2

...
...

bn, if x = xn

(2.2)

This is assumed to be the same function for all depth pixels. The bias function is found by reprojecting the set

of depth maps D onto the paired colour image to get a set of depth map colour image pairs. Silhouette edges are

found in each pair by extracting the edges in the images where they are close to discontinuities in the depth map.

The depth values are shifted by some small value to find the bias values at different depth intervals that will align

the depth discontinuities best with the silhouette edges. The best values are stored as a lookup table, which will

be used as the bias function and will be different for each ToF sensor.

Figure 2.1: This figure from “Multi-view Image and ToF Sensor Fusion for Dense 3D Reconstruction”[18]. The left
image shows the views of the 5 intensity images I = {I1, I2, ..., I5} and the 3 ToF depth maps D = {DA, DB , DC}
capturing an object. The middle image shows the view from I3 of the aligned geometry after the bias function has
been applied. The right image shows the view from I3 without any bias correction. The depth edges are shown as
blue, the silhouette edges are shown as green, and the image edges are shown as red.

Initial surface reconstruction

The 3 depth maps DA, DB , DC are combined into a voxel grid, which stores an occupancy probability in each voxel.

These occupancy probabilities are set for each measured depth value z from a depth map by projecting the ray

through the voxel grid and then setting the occupancy probabilities p(mx|z) of the voxels along the ray such that

p(mx|z) = 0 where the voxel is not occupied which will be the empty space between the sensor and the surface

and it will be p(mx|z) = 1 where the voxel is occupied. This is done by designing a heuristic function that will set
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p(mx|z) = 0.5 when the expected true distance E(x) is measuring the distance to voxel mx and the expected true

distance is E(x) = z−b(x). The heuristic function gradually decreases the probability for voxels closer to the sensor

and increases for voxels further from the sensor. The gradient will be proportional to the standard deviation σ of

the sensor noise to reflect the uncertainty of the measurement. For voxels behind the measured surface, the heuristic

function will also gradually decrease the voxel occupancy probability down to 0.5 as those voxels are occluded, and

0.5 is the probability of an unobserved voxel being occupied.

The 3 depth maps will generate 3 occupancy probabilities for the voxels. To combine them, a log-odds occupancy

voxel grid is used. Each voxel will store the value of log( p(mx|z)
1−p(mx|z) ). Here when limp(mx|z)→0 log

(
p(mx|z)

1−p(mx|z)

)
= −∞

and limp(mx|z)→1 log
(

p(mx|z)
1−p(mx|z)

)
= ∞ so the heuristic function sets the probabilites to be between 0.4 and 0.6.

Then, by assuming the sensors are independent, they can be merged into a joint occupancy voxel that stores the

log-odds as follows:

log(
p(mx|z1, z2, z3)

1 − p(mx|z1, z2, z3)
) =

3∑
i=1

log(
p(mx|zi)

1 − p(mx|zi)
) (2.3)

This will give a joint occupancy voxel grid where each voxel represents the joint log-odds as log( p(mx|z1,z2,z3)
1−p(mx|z1,z2,z3) ).

Then a surface X is extracted as a triangle mesh from this voxel grid using the marching cubes algorithm [9], which

will generate a small triangular mesh for each surface voxel depending on the pattern of neighbouring voxels with

14 different possible patterns and then fuse them all into a single triangular mesh.

Surface refinement

Next, the mesh surface is refined by minimising an objective function which contains a measurement term EZ , a

photo consistency term EC , a silhouette term ES and a prior term EX :

E(X) = EZ + EC + ES + EX (2.4)

This objective function is then optimised using a gradient-based optimiser to get a mesh surface of the scene X̂,

which is more accurate where it is closer to the real-world ground truth. The mesh will get more accurate the closer
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it is to 0, so X̂ is found as follows:

X̂ = arg min
X

E(X) (2.5)

The measurement term minimises the amount the mesh will move from its initial position:

EZ =

N∑
i=1

||ri||2 (2.6)

ri =


0 if ri < W

si otherwise

(2.7)

Where si is the distance vertex i has moved from its initial position, and W is the width of a voxel, so ri is the

distance vertex i has moved from its initial position, unless the distance is smaller than a voxel, then ri = 0.

The photo consistency term moves the vertices closer to photo-consistent points in the images:

EC =
∑

(vi,pk)∈C

H(||vi − pk||) (2.8)

Where H(·) is the Huber loss and C contains vertices vi and points pk found by projecting a vertex into the colour

images and calculating the photo consistency of the patch centred at a point close to the vertex and if the photo

consistency is a local maximum larger than a threshold then vi, pk will be in C.

The silhouette term moves the vertices that are on an occlusion boundary towards an intensity boundary in the

images:

ES =
∑

(vi,pu)∈S

H(||vi − pu||) (2.9)

Where S contains points pu that are the closest on an intensity boundary when vi is projected onto the colour

images, and if vi is on an occlusion boundary, then vi, pu will be in S.
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The prior term uses a Laplacian prior [19] to smooth the 3D mesh:

EX =

N∑
i

||ρ∆vi + (1 + ρ)(−∆2vi)||2 (2.10)

Where ρ = 0.6, ∆vi is the discrete Laplacian operator at vertex vi and ∆2vi is the Bi-Laplacian. The objective

function is minimised with the L-BFGS-B algorithm [20], which is a quasi-Newton optimisation method that is

more memory efficient than the BFGS algorithm.

2.1.2 Fusing Structure from Motion and LiDAR for Dense Accurate Depth Map

Estimation

The method “Fusing Structure from Motion and LiDAR for Dense Accurate Depth Map Estimation” [21] uses a

point cloud generated from a LiDAR scan of a scene and a set of images of the same scene as the input data.

Fusing structure from motion (SfM) and LiDAR point clouds

First, an estimation for the initial camera parameters is found for the following camera model

p̃ni = Kn[Rn|tn]P̃W
i (2.11)

where P̃W
i = (XW

i , Y W
i , ZW

i , 1)T is the homogeneous point world coordinates in the world space W .For input image

n: Kn is the intrinsic matrix, Rn is the rotation matrix, tn is the translation vector, and the camera model computes

p̃n,i = (un,i, vn,i, wn,i)
T which is the homogeneous coordinates on the image plane and gives the final projected 2D

coordinates as (u′
n,i, v

′
n,i) = (un,i/wn,i, vn,i/wn,i) which is the coordinates of the point projected to in the input

image n.

The parameters of the camera model Kn, Rn, tn are found by using incremental SfM [22], which finds the 3D

reconstruction and camera parameters by sequentially adding the images with their associated camera parameters

to be optimised to improve and expand the reconstruction.

This will generate a point cloud computed from the SfM algorithm, so a transformation between the LiDAR point

cloud and the SfM point cloud is computed. The coherent point drift algorithm [23] is used to find a transformation
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between the point clouds represented by a rotation matrix, a translation vector and a scaling factor.

Fusing RGB images and LiDAR depth maps

The transformation between the LiDAR and SfM point clouds is used to compute transformations for the LiDAR

point to each input image as follows:

Rl
n = sRs

nR
M , (2.12)

tln = sRs
nt

M + tsn (2.13)

where the mapping rotation matrix RM , mapping translation vector tM and mapping scaling factor s give the

transformation from the LiDAR point cloud coordinate space to the SfM point cloud coordinate space. The LiDAR

rotation matrix Rl
n and LiDAR translation vector tln for input image n project a point in the LiDAR point cloud

onto the input image using the intrinsic matrix Kn. The SfM rotation matrix Rs
n and SfM translation vector tsn

project from the SfM coordinate space to the input image n.

Next, the computed camera model Kn[Rl
n|tln] is used to synthesise an image from the LiDAR point cloud. To do

this, a hidden point removal operator is used to remove the occluded points in the LiDAR point cloud for a given

camera position, so the visible points can be projected onto the image. A transformation is found between the

synthesised image and the corresponding input image by using the generalised dual bootstrap-ICP algorithm [24],

which extracts feature points and iteratively aligns them. The transformation will model homography and radial

distortion. The LiDAR depths are fused with the input images, and then a bilateral filter is applied to the depth

map to improve the accuracy.

2.1.3 Noise-aware Unsupervised Deep LiDAR-Stereo Fusion

The method “Noise-aware Unsupervised Deep LiDAR-Stereo Fusion” [25] uses a point cloud from a LiDAR sensor

and a pair of RGB images from a stereo camera setup. This method is relevant to the research as it uses data

fusion, which is one of the aims of this research. This informs how a data fusion stage can be integrated into a flaw

detection method. The data fusion stage reduces the error due to noise or data sparsity in the input data. This

then results in reduced error for the flaw detection method. This method informs the research by demonstrating
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how data fusion can be applied to the sensor modalities of LiDAR and RGB stereo images. It also shows how a

deep learning approach can be used to achieve this.

Deep convolutional neural network

First, a pair of disparity maps for both input images is computed from the LiDAR points by projecting the point

cloud onto the input images to get depth maps. Depth can be converted to disparity using D = (bf)/d where d is

depth, b is the distance between the 2 cameras, and f is the focal length.

The disparity maps and input images are fused into a pair of depth maps using a deep convolutional neural network

trained using a self-supervising loss function [26]. The network is trained to remove erroneous disparity values from

the LiDAR data by forward-passing the data through the network 2 times before updating the weights. The first

is a verification pass to remove noisy LiDAR disparities, and the second is the update pass to output the fused

disparities and compute the loss for backpropagation. In the verification pass, the network will take the 2 input

images and the 2 disparity maps from the LiDAR data and will output 2 initial fused disparity maps. Then, these

outputs are compared to the LiDAR disparity maps and are checked for consistency to mask the noisy LiDAR

disparities, so there are sparse LiDAR disparities for the inputs of the update phase. Next, in the update pass, the

input image pair is used again with the new sparse disparities from the verification phase input into the network

to output the final fused disparity maps. The loss function is computed from only the final fused disparity maps,

so backpropagation can be done only during the update stage.

Il (Left Image)

Ds
l (LiDAR Proj.)

Standard CNN
(32 ch)

Sparsity Invariant
CNN (16 ch)

Concat

Ir (Right Image)

Ds
r (LiDAR Proj.)

Standard CNN
(32 ch)

Sparsity Invariant
CNN (16 ch)

Concat

4D Feature
Volume

3D Stacked
Hourglass CNN
(Cost Matching)

Soft-argmin
Operation

Dd
l , D

d
r

Feature Extraction & Fusion

Feature Volume Stereo Matching

Figure 2.2: The core network architecture of the LiDAR-Stereo Fusion model. The left and right images Il, Ir
are used to extract features concatenated with the corresponding extracted features from the left and right input
disparity maps Ds

l , D
s
r . The core network architecture will output a left-right disparity map estimate pair Dd

l , D
d
r .
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First features are extracted from both the stereo image pairs and disparity map pairs, with two separate convolu-

tional neural networks for each of the input modalities, where the feature extraction network for the disparity map

uses sparsity invariant convolutional layers and the input images are passed through a feature extraction network

from a Pyramid Stereo Matching Network [27]. The feature maps output by the network from the disparity maps

are concatenated with the feature maps from the input images and stacked to form a volume. The feature volume

is passed through 3D convolution layers to get a matching cost volume from which the disparity map output is

computed using the soft-arg min operation [28], which is differentiable and is defined mathematically as:

soft- arg min =

Dmax∑
d=0

d× σ(−cd) (2.14)

where cd are the costs outputted by the model, d are the corresponging disparities and σ is the softmax function.

Loss function

The loss function is applied to the data output in the second pass through the network and is defined as follows:

L = LLiDAR + λwarpLwarp + λsmoothLsmooth + λplaneLplane (2.15)

where LLiDAR is the LiDAR loss, Lwarp is the image warping loss, Lsmooth is the image smoothing loss, Lplane is

the plane fitting loss and λwarp, λsmooth, and λplane are defined constants.

The LiDAR loss minimises the difference between the output disparity maps and the masked LiDAR disparity

maps, so it is defined as follows:

LLiDAR = ||M(D̂ −Dc)||τ (2.16)

where || · ||τ is the truncated mean squared loss clamped by a maximum error value ϵ, for which the value was

omitted by the authors. D̂ is the final outputted fused disparity maps, Dc is the LiDAR disparity maps that were

masked for consistency in the verification pass, and M is the mask used for Dc in the verification pass.

The image warping loss uses the final fused disparity maps to warp the right input image onto the left input image
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and compute the loss from these images, which is defined as follows:

Lwarp = Lphoto + λcensusLcensus + λgradLgrad (2.17)

where Lphoto is the photometric loss, Lcensus is the census loss, Lgrad is the image gradient loss and λcensus, λgrad

are user-defined constants.

The photometric loss is defined as follows:

Lphoto = [
∑
i

φ(Îi − Ii) ∗Oi]/
∑
i

Oi (2.18)

where Îi and Ii are the warped and input images at pixel i, φ(x) =
√
x2 + 0.0012, and O is the occlusion mask,

which is the pixels occluded due to stereo vision and computed using a consistency check.

The census loss is defined as follows:

Lc = [
∑
i

φ(Ĉi − Ci) ∗Oi]/
∑
i

Oi (2.19)

where Ĉ and Ci are the warped and input images with the census transform applied to them at pixel i.

The image gradient loss is defined as follows:

Lgrad = [
∑
i

φ(∇Îi −∇Ii) ∗Oi]/
∑
i

Oi (2.20)

where ∇Î and ∇Ii are the gradient of the warped and input images at pixel i.

The image smoothing loss is defined as follows:

Lsmooth =
∑

(e−α1|∇I||∇d| + e−α1|∇2I||∇2d|) (2.21)

where d is a disparity value in the final fused disparity map, I is the pixel colour in the same location, ∇ is the

gradient operator, and α1 and α2 are user-defined constants.
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The plane fitting loss is defined as follows:

Lplane = ||d̂− d̃|| (2.22)

where d̂ is the disparity value in the final fused disparity map and d̃ is the disparity value for d̂ when it is fitted to

the plane of the SLIC (simple linear iterative clustering) superpixel [29] it is within.

The network is trained using the Adam optimiser, and the data is augmented during training using a random crop.

RGB-D video is captured using an RGB camera paired with a depth sensor such as ToF. The sensors will have

close to identical poses, so they can be easily calibrated, and a single pose can be used to represent both sensors.

The sensor pair can record a video while being moved around the scene to capture large amounts of data and allow

highly detailed reconstructions.

Figure 2.3: Image of the output from the method “Noise-aware Unsupervised Deep LiDAR-Stereo Fusion” [25].
From left to right, the images show. The input image, the input LiDAR disparities, the ground truth LiDAR
disparities and the disparities outputted by the model.

2.1.4 Robust Reconstruction of Indoor Scenes

The method “Robust Reconstruction of Indoor Scenes” [30] uses an RGB-D video with unknown camera poses for

each frame as input data. Here, pose refers to the 3D position (x, y, z) and orientation (yaw, pitch, roll) of the

camera. The poses are estimated for each frame with a hierarchical approach that partitions the sequence of frames

into smaller segments of k frames.

Initial pose estimation

For each segment, a trajectory of poses is estimated by using RGB-D odometry [31], which minimises a photometric

error between a pair of consecutive frames to find a transformation from the pose of the first frame to the pose of

the second frame. These transformations are found for every consecutive pair in the segment, so each frame has a

pose relative to the first frame in the segment. From the segment, a mesh is extracted [13] by using the poses to

reproject the depth maps as rays into a voxel grid, which will store the distances of each voxel along the reprojected
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ray from the surface in the depth map, with the value being negative if the voxel is inside the surface. From this

signed distance function, a mesh Pi can be extracted using marching cubes [9]. For each pair of meshes Pi, Pj

from segments i, j, a geometric registration algorithm [32] is run to find the best transformation Tij to align the

overlapping areas of the 2 meshes. A transformation will only be found if there is significant overlap. Otherwise, a

transformation will not be stored for that pair of segments.

Pose refinement

Next, a pose for each mesh T = {Ti} is found with pose graph optimisation by minimising the following objective

function:

E(T,L) =
∑
i

f(Ti, Ti+1, Ri) +
∑
i

lijf(Ti, Tj , Tij) + µ
∑

Ψ(lij) (2.23)

where Ti and Tj are the poses of meshes i and j. Tij is the transformation from mesh i to mesh j, Ri is the

transformation of mesh i to mesh i + 1 and L = {lij} is a parameter modelling the validity of the transformation

Tij and Ψ(lij) = (
√
lij − 1)2. The transformation Ri is found by using the trajectory of the frames in segment i

and the transformation between the last frame in segment i and the first frame in segment i + 1 computed with

RGB-D odometry.

The alignment function is defined as follows:

f(Ti, Tj , X) =
∑

(p,q)∈Kij

||X−1T−1
j Tip− p||2 (2.24)

where Kij is the set of vertices in mesh i and mesh j that are within distance ϵ when mesh i is transformed by X

so (p, q) ∈ K =⇒ ||Xp− q|| < ϵ. The parameters T,L are jointly optimised by minimising the objective function

to find the final set of poses {Ti} which can be used to reconstruct the whole sequence of frames by computing

a global pose for each frame then computing a signed distance field from the posed depth maps to extract a final

mesh of the whole scene.
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2.1.5 Intrinsic3D: High-Quality 3D Reconstruction by Joint Appearance and Geom-

etry Optimisation with Spatially-Varying Lighting

The method “Intrinsic3D: High-Quality 3D Reconstruction by Joint Appearance and Geometry Optimisation with

Spatially-Varying Lighting” [33] uses an RGB-D video for its input data, which consists of colour frames and depth

frames. The method produces information about the geometry by producing a Signed Distance Field (SDF), which

gives the distance to the closest surface, with positive values outside the surface and negative values within the

surface. The method also requires a set of initial pose estimates for the video frames, which it obtains from the

method VoxelHashing [34], but other methods that can produce pose estimates with low error can also be used,

such as BundleFusion [35] or the method from Robust reconstruction of indoor scenes [30].

Voxel grid representation

First, the initial poses are used to construct a truncated signed distance function (TSDF). The TSDF is a voxel

grid that has the distance D(v) to the closest surface at each voxel. The distance will be negative if the voxel is

inside the surface, and the distance is clamped between a maximum and minimum distance. The voxel grid will

also store the colour C(v) of the voxel, the illumination albedo A(v) of the voxel and the integration weight W (v)

of the voxel. The depth maps are integrated into the TSDF by using the initial pose estimates to project the depth

values into the voxels that lie along the viewing rays, which are updated using the integration weights as follows:

D(v) =

∑M
i=1 wi(v)di(v)

W (v)
,W (v) =

M∑
i=1

wi(v) (2.25)

where M is the number of RGB-D input frames, di(v) is the distance between voxel v and depth frame i. The

integration weight is computed as wi(v) = cos(θ) where θ is the angle between the depth ray and the surface normal

computed from the depth map i, so when the ray is normal to the surface the weight will be 1, and when the ray

is at a grazing angle to the surface, the weight will be close to 0. Since the distances are truncated, most of the

voxels will contain the minimum or maximum distances, so the memory usage for the voxel grid is reduced by using

a hash table to store the voxels [34], which each contain the distance, colour, albedo and weight.
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The hash entries are accessed using the following hash function for a x, y, z location in the voxel grid:

H(x, y, z) = (x · p1 ⊕ y · p2 ⊕ z · p3)modn (2.26)

where p1, p2, p3 are large prime numbers and n is the hash table size.

The voxel colours are set by selecting the RGB frames with low blur and then projecting the views into the voxel

grid and averaging channel values separately. The albedo values in the voxel grid are initialised to be uniform.

Estimating lighting

Next, the shading is used to refine the initial 3D reconstruction [36]. The lighting is modelled with spherical

harmonics, so the shading of a voxel B(v) can be computed by:

B(v) = A(v)

b2∑
m=1

lmHm(n(v)) (2.27)

where lm are the scene lighting parameters and Hm are the spherical harmonics basis functions with up to b = 3

being used. A(v) is the voxel albedo, and n(v) is the normal voxel surface unit computed from the TSDF. The

reconstruction volume is partitioned into subvolumes, each with a set of lighting parameters.

The lighting parameters are jointly optimised by minimising the following objective function:

Elighting(L1, L2, ..., LK) = Eappearance + λdiffuseEdiffuse (2.28)

where Lk = {lm} is the set of lighting parameters for subvolume k and λdiffuse is a user-defined constant.

The appearance term is minimised by reducing the difference between the average intensity of a voxel and the

computed shading as follows:

Eappearance =
∑
v∈V0

(B(v) − I(v))2 (2.29)

where I(v) is the average intensity of a voxel computed for all voxels v in the voxel grid V0 that are close to the

surface.
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The regularisation term minimises the difference between the lighting parameters of each subvolume and its neigh-

bouring subvolumes, which is computed as follows:

Ediffuse =
∑
s∈S

∑
n ∈ N∫ (Ls, Ln)2 (2.30)

where S is the set of subvolumes, N∫ is the set of neighbour subvolumes of s and Ls, Ln are the lighting parameters

for subvolumes s, n.

Voxel grid refinement

Next, the TSDF, albedo values, camera poses, and camera intrinsics are jointly optimised by minimising an objective

function that has 1 shading term and 4 regularisation terms defined as follows:

Escene(X ) =
∑
v∈V0

λgEg + λvEv + λsEs + λaEa (2.31)

where X is the set of parameters to be optimised, V0 is set of voxels close to the surface and λg, λv, λs, λa are

user-defined constants.

The gradient-based shading term minimises the difference between the change in intensity computed by B(v) and

the change in intensity computed from the RGB frames:

Eg(v) =
∑

Ii∈Vbest

wv
i ||∇B(v) −∇Ii(π(vi))||22 (2.32)

where Ii is an intensity image computed from the input images. Vbest contains the top intensity images for voxel

V sorted by wv
i = cos(θ)

d2 where d is the distance from the camera to v and θ is the angle between the normal and

Ii projection in v. vi is the 3D position of voxel v transformed in the intensity image Ii coordinates then π is the

camera model to transform the 3D coordinates to a 2D coordinates on the intensity image.

The Laplacian smoothness term smooths the signed distance values between neighbouring voxels:

Ev(v) = (∆D(v))2 (2.33)
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The surface stabilisation term keeps the refined TSDF close to the initial TSDF constructed using the initial poses:

Es = (D(v) −Dinitial(v))2 (2.34)

where Dinitial is the TSDF before optimisation.

The albedo regularisation term minimises the difference between neighbouring albedo values:

Ea(v)
∑
u∈Nv

ϕ(Γ(v) − Γ(u)) · (A(v) −A(u))2 (2.35)

where Nv is the set of neighbouring voxels to v and Γ computes the chromaticity of a voxel and the ϕ is a robust

kernel defined as ϕ(x) = 1/(1 + trob · x)3 with a user-defined parameter trob.

The objective function Escene(X ) is minimised using the Levenberg-Marquardt algorithm, and then a mesh is

extracted from the final TSDF using marching cubes [9].

2.1.6 BAD SLAM: Bundle Adjusted Direct RGB-D SLAM

The method “BAD SLAM: Bundle Adjusted Direct RGB-D SLAM” uses an RGB and depth sensor pair capturing

a video for input data and can run in real-time while capturing video.

SLAM

Simultaneous localisation and mapping (SLAM) methods aim to solve the task of building a 3D model of the scene

while also determining the pose of the camera in the scene. The method will take the input frames, which consist of

RGB images with corresponding depth frames, and will then estimate the camera pose used to capture each frame

while simultaneously estimating the 3D geometry.

Modern SLAM methods use a two-part approach [37]:

� front-end part: This part of the method will determine estimates of the camera’s movements between frames,

working in real time.

� back-end part: This part of the method refines the camera poses that were determined by the front-end part
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and determines the 3D geometry using Bundle Adjustment [38] to optimise these parameters.

Bundle Adjustment [38] in the back-end part of the method works by projecting the current estimates for the 3D

geometry onto the input images using the current estimates for the camera poses, then the method computes the

error between the reprojection and the input images to optimise the parameters, which are the camera poses and

the 3D geometry.

The BAD SLAM algorithm uses RBG-D video as the input data that is preprocessed by using a bilateral filter on

the depth map in each input frame, to reduce noise. From the sequence of input frames, keyframes are selected

where every 10th frame of the RGB-D video stream is a keyframe to be used for later optimisation of the 3D

reconstructed geometry. The keyframes are used as input data for the back-end Bundle Adjustment.

Initial poses are first found for the keyframes using RGB-D odometry to track each transformation between frames,

so a trajectory can be found between consecutive keyframes. Then, as the video is being processed, the current

keyframe k is matched with each previous keyframe to find the most similar keyframe m so a transformation can be

found. The transformation between keyframes k and m + 1 and between keyframes k and m− 1 are then selected,

and if these transformations are sufficiently consistent, then a pose graph optimisation step will be run to correct

the current keyframe trajectory. The pose graph optimisation step is used for loop closure, where a camera pose is

detected as having revisited a previously mapped area. For this, the average pose is used to correct the initial pose

estimate before Bundle Adjustment is done.

3D representation using surfels

The keyframes are used to update a surfel representation, which is a cloud of surfaces, each defined by a centre 3D

point ps of the surface, a normal vector to the surface ns, a surface radius rs and a scalar visual descriptor ds.

Surfels are created from each new keyframe by using the initial pose estimates. The keyframe is partitioned into

a grid of 4 × 4 pixels, which are each projected into the surfel cloud to check if there is already a surfel at that

location. For the 4× 4 pixels without a surfel, a new one is created, and the centre point is computed by projecting

the depth map as follows:

ps = TG
k π−1

D,k(dp) (2.36)
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where dp is the depth value of the pixel the surfel is created from, π−1
D,k(x) is the inverse projection function to

compute the 3D point in the local coordinate system of keyframe k computed with depth value at the pixel in the

depth map D of that keyframe and TG
k is the transformation for the local coordinate system of keyframe k to the

global coordinate system G of the scene. The normal of the surfel ns is computed using the differences between

neighbouring depth values in the depth map. The surface radius of the surfel rs is computed as the minimum

distance between the surfel 3D point ps and the 3D points of the neighbouring pixels in the keyframe. The scalar

visual descriptor ds is computed as the intensity gradient magnitude of the pixel computed by taking the differences

between neighbouring pixels.

3D refinement

Next, an optimisation loop is run on the surfel cloud by minimising an objective function that computes the

differences between the geometry and colour of the projected surfels and the pixel values in the keyframes.

This objective function is defined as follows:

E(K,S) =
∑
k∈K

∑
s∈Sk

(ρTukey(σ−1
D Egeom(k, s)) + λphotoρHuber(σ−1

p Ephoto(k, s))) (2.37)

where K is the set of keyframes, each with an estimation of its pose, S is the set of surfels in the surfel cloud, so

Sk is the set of surfels in keyframe K, Egeom, Ephoto are the geometric and photometric objective functions, ρTukey

is the Tukey loss function, ρHuber is the Huber loss function, σD, σp are estimates for the standard deviations of

the depth and photometric measurements and λphoto is a user-defined constant. The robust Tukey loss function

and Huber loss function are both robust loss functions which are used to learn models in the presence of outliers,

resulting in less extreme outputs for large errors compared to other loss functions such as the MSE.

The geometric objective function computes the point-to-plane distance between the surfel and its projection from

the keyframe and is defined as follows:

Egeom(s, k) = (T k
Gns)

T (π−1
D,k(π̂D,k(T k

Gps)) − T k
Gps) (2.38)

where ps is the 3D point of the surfel s, π̂D,k(x) is the function that projects a 3D point of a surfel ps to the depth
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map D in keyframe k and outputs the value in that depth map, π−1
D,k(x) is the inverse to project depth vales to 3D

points so the difference is between ps and its corresponding depth value in keyframe k. Both π̂D,k(x) and π−1
D,k(x)

are for the local coordinates of keyframe k, so they are transformed to the global coordinates of the surfel point

cloud with T k
G. So the distance between ps and its corresponding depth value is computed in the normal direction

with the surface normal ns of the surfel to get the point to plane distance.

The photometric objective function computes the difference between the surfel scalar visual descriptor ds and its

projected gradient magnitude and is defined as follows:

Ephoto(s, k) =

∣∣∣∣∣∣∣∣
∣∣∣∣∣∣∣∣
 I(πI,k(s1)) I(πI,k(ps))

I(πI,k(s2)) I(πI,k(ps))


∣∣∣∣∣∣∣∣
∣∣∣∣∣∣∣∣
2

− ds (2.39)

where πI,k(x) is the function to project a 3D point to the RGB image in the keyframe k and outputs the pixel

colour, I(x) is the function to compute the image intensity of a pixel and s1, s2 are points on the surfel’s boundary

defined by its surface radius rs with s1 − ps and s2 − ps being orthogonal.

The optimisation stage of this algorithm is done after a new keyframe is added to the input sequence. The

objective function is minimised with alternating optimisation to speed up computation, where different parameters

are updated separately with each iteration in the optimisation algorithm. In a single iteration, first the 3D positions

and scalar visual descriptors of the surfels are updated. When optimising the 3D position of a surfel, it is only

moved along the normal direction to prevent holes in the surfel cloud. This is done by parameterising the position

as Ps + t · ns with only t being optimised. Next, surfels are merged, which contain similar normal vectors and 3D

positions. This merging step is only done on the first iteration after position optimisation to remove the surfels

added due to noise in the keyframe. Then, the poses for each keyframe and the camera intrinsics are updated.

The Gauss-Newton method is a method used to minimise the objective function (Equation 2.37) by alternating

which variables are updated for each optimisation stage. This is done for the surfel parameters, the camera poses,

and the camera intrinsics as the 3 sets of variables that are updated alternately. The Gauss-Newton method uses

gradient-based optimisation to minimise the objective function. More details about the Gauss-Newton method can

be found in “Numerical Optimisation” [39, pp. 254–255].
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2.1.7 DROID-SLAM: Deep Visual SLAM for Monocular, Stereo, and RGB-D Cam-

eras

The method “DROID-SLAM: Deep Visual SLAM for Monocular, Stereo, and RGB-D Cameras” [40] uses RGB-D

video as its input with unknown poses. This method differs from the method “BAD SLAM: Bundle Adjusted Direct

RGB-D SLAM”, which uses mathematical and physics-based rules to project and optimise the 3D geometry and

camera poses, where DROID-SLAM uses an end-to-end Deep Learning approach to determine the camera poses

and 3D geometry.

It uses the RGB images as inputs to a neural network that computes optical flow [41] between pairs of images.

The optical flow is used to optimise an objective function along with the input depth maps, which will refine

the estimated poses and depth maps. The refined depth maps and poses can then be used to construct a 3D

representation of the scene.

Optical flow estimation

First, a feature network shown in Figure 2.4 is used to extract feature maps for a pair of input images. The feature

network is a convolutional neural network that contains 3 downsampling layers to output a feature map, which is

1/8 the size of the input image.
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Input Image
H ×W × 3

Downsample 1 (Stride 2)

2 × Residual Blocks

Downsample 2 (Stride 2)
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Downsample 3 (Stride 2)
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Dense Feature Map
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8
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8
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Resolution: H
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Figure 2.4: The architecture of the DROID-SLAM Feature Extraction Network. The spatial resolution reduces as
it goes down through the layers, as the feature map is downsampled. For an input image of height H pixels and
width W pixels with 3 colour channels, a H

8 × W
8 feature map is outputted with D feature channels.

A context network that has an identical architecture to the feature network is used to extract a context feature

map. For a pair of RGB input images, the optical flow between them is computed by first creating a correlation

pyramid. The feature maps ϕi, ϕj for images i and j are used to create a 4D correlation volume by computing the

dot product of each feature pair as follows:

Cij
xi,yi,xj ,yj

= ⟨ϕi
xi,yi

, ϕj
xj ,yj

⟩ (2.40)

where ϕi
xi,yi

is the feature vector at pixel xi, yi in the feature map for input image i and ϕj
xj ,yj

is the feature vector

at pixel xj , yj in the feature map for input image j. The correlation pyramid is created with correlation volumes at

4 different sizes for the image pair. This is done by downsampling the last 2 dimensions for the correlation volume

with average pooling.
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Next, a correspondence field is initialised with an optical flow of 0 so each pixel coordinate in i maps to the

same coordinate in j. Then, once pose and depth map estimates are found, these are used to compute an initial

correspondence field and optical flow. The correspondence field pij , where the set of all the 2D image coordinates

for each pixel in image i is mapped to pixel coordinates in image j. This mapping is computed as follows:

pij = Πc(TijΠ
−1
c (pi, di)) (2.41)

where Π−1
c is inverse projection function to map the pixel coordinates pi of image i and the corresponding depth

map di to 3D points. Tij is the transformation to map the 3D points in the local coordinates of image i to image

j. Πc is the projection function to map the 3D points onto the image. From this correspondence field, the optical

flow is computed as the coordinate change for each pixel pij − pi.

Next, the correspondence field is used to index each correlation volume in the correlation pyramid to get correlation

values in the neighbourhood of the correspondences. This indexing operation will select the correlations between

the pixel in image i and the pixels in a window with radius r = 3 around the pixel found with the correspondence

field in image j. This is done for each volume in the pyramid and concatenated together into a grid of vectors,

which is then concatenated with the optical flow.

Next, the correspondence field is updated with a recurrent neural network that will output updates to the corre-

spondence field estimates so the network can be iteratively applied to improve the estimates over many steps. The

grid of concatenated correlation values and optical flow vectors is input into the network, which has 2 convolutional

layers, and then the outputs are added to the feature map output from the context network. The context feature

map is extracted from image i. The network next has a convolutional gated recurrent unit that will output its

hidden state as a grid of vectors. These hidden states are fed through 2 convolutional layers to output the final grid

of correction terms rij as well as a confidence map. The grid of correction terms is added to the correspondence

field p∗ij = pij + rij to get a corrected correspondence field p∗ij .

Refining pose and depth estimates

Next, an objective function is minimised to refine pose and depth map estimates. For the input sequence of RGB

and depth frames, the optical flow between consecutive frames is found. The objective function is minimised
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after each frame is processed to get depth map and pose estimates that are used to compute optical flow between

non-consecutive frames when the current frame is viewing the same area of the scene.

The objective function is computed as follows:

E(T,D) =
∑

(i,j)∈E

||p∗i,j − Πc(TijΠ
−1
c (pi, di)||2Σi,j + λ

∑
i∈E

||di −mi||22 (2.42)

where E is the set of input frames to be optimised for, || · ||Σ is the Mahalanobis distance, which uses the confidence

weights outputted by the network, and mi is the measured depth map in the input frame.

This objective function is minimised with the Gauss-Newton algorithm, which will then be backpropagated to train

the network. Finally, the depth maps and camera poses are used to reconstruct a final 3D point cloud representing

the scene.

Training the network

The network is trained with the synthetic TartanAir dataset [42]. This dataset consists of 1,037 long motion

sequences of RGB stereo and depth frames as well as ground truth labels. These data samples were generated

in Unreal Engine [43] using the AirSim plugin [44]. To use this dataset for training the network, it is split into

examples of small 7 frame sequences with optical flow and pose ground truths for each frame. The training is done

by backpropagating through the objective function minimisation algorithm, with a range of iterations done with

the optical flow estimation network. This is done by using the network to update the optical flow estimations up to

N iterations, collecting the estimations after each update step, then performing the objective function minimisation

on optical flow estimations with the same number of update steps separately. These optical flow estimations are

generated by collecting the iterative estimations to get a set of poses {T 1, T 2, ..., TN} and depth map estimations

{d1, d2, ..., dN}. Then these outputs are used to generate the set of optical flow estimations {O1, O2, ..., ON} using

3D projection. The loss function is computed by using an exponentially increasing weight to sum the losses for each

update step estimation as follows:

L =

N∑
n

γn−NLn (2.43)
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where γ is a user-defined constant between 0 and 1. Ln is the loss of the estimations with n update steps being

used:

Ln =
∑
i

||On
i − Fi||1 +

∑
i

|| log((Tn
i )−1Gi)||2 (2.44)

where Fi is the optical flow ground truth for input frame i and Gi is the pose ground truth. On
i , T

n
i are the predicted

optical flow and pose for input frame i with n update steps being used.

2.2 LiDAR and RGB stereo data fusion methods

In this research, the techniques that are focused on use RGB cameras and a LiDAR sensor. In LiDAR and RGB

stereo data fusion, these sensors are used to capture multiple images of the same scene and are fused into a single

dense depth image representation. This approach to data fusion is the core focus of 4 and is chosen as an area of

focus in this research, as there exists a large amount of real-world data that is open and available to use to train

data fusion models and evaluate their performance.

Left Image Right Image

cL cR

pL pR

3D Target (P )

Left Cam (OL) Right Cam (OR)

Figure 2.5: The setup for capturing stereo images, shown capturing the same 3D point at different points along a
horizontal line in both images. This offset is computed to get a disparity map, which can then be converted into a
depth map using the camera parameters.

For LiDAR and RGB stereo data fusion, the RGB cameras will capture two stereo images visualised in Figure 2.5,

and the LiDAR sensor will capture a 3D point cloud. The point cloud will be projected onto one of the RGB

images, and the fusion method will be used to combine this data into a single dense depth map.
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Depth computed from stereo will be less reliable in environments with high occlusion and a lack of textured surfaces.

LiDAR sensors will capture point clouds, which will result in sparse depth maps when projected. These modalities

can be combined into a depth map, which is dense and can be more accurate in an environment with a lack of

occlusion and less texture, which is useful for autonomous driving applications.

The depth map can be computed using the 2 RGB cameras with stereo matching to get a disparity map, which can be

converted into a depth map using the camera parameters. Recently, the most predominant techniques for computing

disparity from rectified stereo images have been deep learning-based methods [27, 45, 28, 46, 47, 48, 26, 49, 50, 51, 52]

started by MC-CNN [53] and then extended to use end-to-end trainable networks starting with DispNet [54].

The depth maps produced directly from LiDAR sensors are sparse, so the task of depth completion addresses this

by estimating depths for the missing values as well as reducing the error in the existing sparse depth values. These

methods are often data-fusion methods that use an RGB image as an additional input with the sparse depth map.

Recent methods for depth completion from sparse depth maps are primarily deep learning-based methods. The

depth completion methods CSPN [55] and CSPN++ [56] use a Convolutional Spatial Propagation Network, which

propagates neighbouring depth information with a recurrent operation of the convolutional neural network (CNN).

The method FCFR-Net [57] uses a two-stage deep learning approach where it first uses a simple CNN to get a

coarse depth estimate from a sparse depth input, then it estimates a fine depth map with a Coarse-to-Fine CNN

model.

The method RigNet [58] uses a two-branch deep learning network architecture, where it uses one branch for the

estimation of the depth features with an RGB guidance image. The other branch uses the sparse input depth and

the features from the guidance image branch to make the final depth estimation. The method DeepLiDAR [59] uses

a similar two-branch approach, but it estimates the surface normals as an intermediate stage of the depth branch

and fuses the depth estimations of the two branches to get the final depth estimate. The Joint 2D-3D method [60]

uses both 2D and 3D convolutions using a two-branch approach with a 2D convolution branch and a 3D convolution

branch, then fusing them to get the final depth map estimate.

The method ACMNet [61] uses a graph-based model to handle the input depth information as a graph representation.

The Plane-Residual method [62] uses a Plane-Residual representation, which the CNN is trained to estimate, so

that from this estimated representation, the final depth map output can be obtained. The Multi-task GANs method
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[63] uses a Generative Adversarial Network (GAN) to perform the generation of both semantic and depth maps

using a sparse depth map and an RGB image.

The depth map can be computed using both the RBG stereo images and the sparse LiDAR depth map. The most

recent methods are deep learning-based [64, 65, 66] and use similar network architectures to deep learning-based

stereo methods.

Other methods work by computing the depth map from a single RGB image, or another way is by using only the

sparse LiDAR depth map as the input. However, this research only focuses on the methods that use data from

multiple sensors for data fusion. To determine if data fusion is better than non-data fusion approaches, comparisons

will be made to existing single modality state-of-the-art methods, as well as comparing to the input data individually

to determine if the fused result is more accurate than each input data source alone.

In summary, the current state-of-the-art methods for data fusion of LiDAR and RGB stereo data are primarily end-

to-end trained deep learning-based methods. These methods are limited by data availability due to the necessity

to have a multi-sensor setup to capture data that can be used for data fusion. This research aims to solve the

limitations of data availability in data fusion so it can be applied to flaw detection.

2.3 Flaw detection

In recent years, deep learning methods have emerged as effective tools for flaw detection, leveraging the power of

data-driven models. This section provides an overview of the literature on flaw detection, discussing the approaches

and techniques used in this field.

Deep learning methods have been successfully applied to flaw detection tasks. These models are trained on labelled

data to predict flaws accurately. For instance, in additive manufacturing, researchers have used a fully connected

Neural Network (NN) architecture and data fusion techniques to predict defects from multiple sensors [67] using

multiple modalities such as electro-optical (EO) imagery and multi-spectral (MS) emissions.

However, this approach is limited by the network architecture, which is unable to scale to higher-dimensional input

data. To overcome this, convolutional neural network (CNN) architectures are used, where in the manufacturing

industry, fault detection in machinery has been achieved by using sensor fusion and a CNN model [68], where
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high-dimensional timeseries data is processed by a CNN model. Although visual image data was not used in this

approach, it demonstrates the success of CNN models in being applied to diverse sensor modalities, including time

series sensor data, as well as the application areas where flaw detection using deep-learning-based sensor fusion

approaches has been applied.

In addition to additive manufacturing and manufacturing machinery, flaw detection using deep learning has also

been explored in other domains. Ultrasound sensors, for example, have been utilised to predict flaws in specimen

objects, offering a non-invasive and efficient approach [69, 70]. Here, the specimen object means the object that

is being examined to determine if it has a flaw or not. For flaw detection tasks, CNN models have been widely

adopted in detection methods that involve image data. Popular CNN architectures such as YOLO (You Only Look

Once) [71, 72] and SSD (Single Shot MultiBox Detector) [73] have been used to enhance the accuracy and efficiency

of flaw detection systems [74].

Beyond CNNs, other deep learning approaches have been investigated for flaw detection. Recurrent models, which

excel at capturing temporal dependencies, have shown promise in this domain [75]. By leveraging the sequential

nature of data, recurrent models can effectively identify flaws in dynamic processes. Additionally, unsupervised

training methods, such as those based on autoencoders, have been explored for flaw detection [76]. These techniques

aim to uncover hidden patterns and anomalies in the data, enabling the detection of flaws without relying on labelled

examples.

The data fusion approach for flaw detection has similar techniques to those used to detect medical issues from data,

such as brain diseases, which include Alzheimer’s disease, Parkinson’s disease, multiple sclerosis, schizophrenia and

brain tumors[77]. It has been successfully applied in medical datasets, where multiple sources of data are combined

to enhance the accuracy and reliability of detection [78]. These papers inform this research by presenting novel deep

learning architectures and training techniques that can be adapted to other tasks, such as the U-Net architecture

[79], which was designed for medical image segmentation but has since been widely used for other segmentation

tasks [80].
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2.4 Crack detection in roads

Roads are a vital part of modern infrastructure and support economic growth [81] by improving productivity, trade,

investment, and labour supply, as well as improving overall quality of life. Well-maintained roads ensure efficient

traffic flow, reduce travel time and lower vehicle operating costs, whereas deterioration increases fuel use, wear

and tear, and journey times [82]. However, over time, roads and pavements are likely to develop cracks and other

forms of damage due to heavy traffic loads and weather conditions. Early cracks in roads can lead to further issues

that can deteriorate the underlying structure and can result in more severe damage, posing risks to vehicles and

increasing maintenance costs. Manual inspection of roads for signs of damage is labour-intensive, time-consuming,

and subject to human error [83]. These issues can be addressed by automated methods, specifically computer vision

methods that use sensors such as RGB to identify cracks, reducing the cost and time of the process.

The earlier approaches to automated detection of cracks using RGB images were using traditional image processing

methods such as edge detection [84] and thresholding [85]. These techniques relied heavily on manual feature ex-

traction and required precise tuning of parameters to accurately identify cracks. Later, to address these limitations,

classical machine learning methods were applied to this problem, using algorithms such as Support Vector Machines

(SVM) [86] and Random Forests [87]. However, these methods still relied on hand-crafted features, which are not

robust to varying lighting conditions or complex surface textures.

In recent years, deep learning methods, which do not use any hand-crafted features, have been applied to the task

of crack detection [80, 88, 89] following their success in detection tasks within the medical field and quickly showed

superior results [90, 91, 92] at crack detection compared to traditional image processing methods and classical

machine learning methods.

Deep learning crack detection can be done by image classification [93], object recognition [94], or image segmentation

[95]. Image classification is the estimation at the image or patch level of whether it contains a crack. Object

recognition is estimating the location of the crack by outputting bounding boxes that draw a box around the cracks

in the image. Image segmentation will do classification at the pixel level, predicting if each pixel is within a crack

or not.

Crack segmentation stands out among these methods for crack detection because it can give complete information
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about the exact shape of the crack. This is needed for further analysis when determining the severity of a crack.

As a result, crack segmentation has become the most widely used approach for crack detection in recent years [80].

The use of RGB-D data is an extension to RGB segmentation [96], where there is an additional data modality

with a depth map. RGB-D data includes colour information from the RGB image and depth information from

the depth map, which adds additional information to be used by the model, where the information is fused within

the neural network. The model is trained to predict the final segmentation map using this additional information,

which results in a more accurate segmentation result than with the RGB image alone. This shows a promising

direction for crack detection research since it has been successfully applied to the general segmentation of objects

in indoor scenes [97, 98]. This could be a promising direction for crack detection research. However, RGB-D data

and image fusion have not yet had much research within crack detection [99, 100] due to issues with the lack of

data availability, which is essential for deep learning-based methods.

2.5 Crack segmentation

Crack segmentation is a vital aspect of flaw detection, particularly when it comes to surfaces. Deep learning methods

have gained popularity as effective approaches for crack detection. Within crack detection, there are three main

techniques: classification, bounding box detection, and segmentation [88, 80]. However, crack segmentation stands

out as it enables precise shape estimation at the pixel level, leading to extensive research in this area [89].

In the area of pavement crack estimation, CNN models have been widely used [101]. Notably, the encoder-decoder

[102, 103, 104] approach and specifically the UNet architecture have gained significant traction [105, 106, 107].

UNet architectures incorporate skip connections between the encoder and decoder layers at the same resolution,

facilitating more accurate estimations. Researchers have also explored alternative training approaches for crack

estimation, such as transfer learning [108] and generative adversarial training [109]. These techniques aim to

improve the performance and generalisation of crack segmentation models.

Attention mechanisms have emerged as a more recent method for crack estimation [110]. By emphasising relevant

features and suppressing noise, attention mechanisms enhance the accuracy and robustness of crack segmentation

models.
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In the broader field of segmentation, state-of-the-art methods commonly use foundation models [111, 112]. These

large-scale models are trained on numerous segmentation tasks, leading to improved accuracy for any specific task

compared to training solely on that individual task [113]. Additionally, multi-model training approaches have

demonstrated enhanced segmentation performance by combining vision and language modelling [114].

Vision transformers (ViTs) [115] have become the prevailing architecture for state-of-the-art segmentation methods

[116, 117, 118, 119]. These models, originally developed for image recognition, have also been adapted for crack

segmentation tasks [120, 121]. By leveraging the transformer architecture’s attention mechanisms, ViTs offer

powerful capabilities for capturing intricate details and accurately segmenting cracks. However, ViTs lack the

inductive bias which the CNN architecture has with spatial locality and translation invariance, which results in

CNNs having better efficiency for limited training data and compute [122].

2.6 Data generation

In most scenarios of flaw detection using deep learning methods, the availability of labelled training data can be

limited. To address this challenge, synthetic data generation techniques have emerged as a valuable approach to

augment the training dataset.

One application of synthetic data generation involves combining crack images with road scenes to generate realistic

crack instances in roads, along with ground truth annotations from different viewpoints [123]. By synthesising

diverse crack patterns within road environments, researchers can expand the training dataset and improve the

generalisation of deep learning models for road crack detection. However, the data generation process requires

careful design to ensure it correctly models the real-world data. Otherwise, the models trained on this data will

not be able to generalise when tested on real-world data.

Another method for data generation involves creating 2D crack images from scratch using random noise to generate

the background texture and define the crack shape [124]. By controlling the parameters of the generated noise and

crack shape, researchers can simulate a wide range of crack patterns, thus enriching the training data and enhancing

the model’s ability to generalise to real-world crack scenarios.

In addition to road crack detection, data generation techniques have also been explored for other domains. For
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instance, in the context of flaw detection in steel objects [125, 126], researchers have used data generation using

tools such as Blender [127]. By creating 3D models of steel objects and overlaying crack textures onto them,

realistic synthetic images can be rendered. This process enables the generation of large quantities of labelled crack

images, facilitating the training of deep learning models for steel flaw detection. Cracks present in steel, asphalt

and concrete are important to identify to maintain civil infrastructure. These different materials create cracks with

different characteristics; however, these data generation methods can be adapted to produce cracks with the specific

characteristics needed to match a material.

2.7 Conclusions

This research aims to apply a data fusion approach to the detection of cracks, to show an improvement from using

multiple sensors that have lower error than each sensor individually. This approach is needed to overcome the

limitations of only using a single sensor, where certain environments or scenarios can have significant error for that

sensor. Developing this detection approach would have applications in manufacturing or infrastructure by improving

automated detection of flaws. This assessment of the current knowledge base relevant to this research shows that

the main deficiencies are the application of deep learning-based data fusion methods to the task of crack detection.

Deep learning-based approaches to crack detection and data fusion are the current state-of-the-art. However, they

are highly dependent on the training data used. The deficiency in the knowledge base for deep-learning data fusion

approaches is due to the limitations of real-world data availability, which is essential for these methods. This informs

the research that data-efficient methods should be explored, as well as synthetic data methods.
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Chapter 3

Image Fusion

This chapter covers the work done on image fusion. The research aims to find how data fusion can be applied to

crack detection to reduce errors. Image fusion looks at performing data fusion on data that is arranged spatially in

a 2D grid and fusing multiple of these images. The images that are fused are captured with the same view of the

scene so that corresponding values in the 2D grid, which have the same coordinates, are measuring the same point

in the scene being captured. These images that are fused can capture visual information, such as images from RGB

cameras, or capture geometric information, such as depth map images captured from depth sensors.

The work in this chapter covers the RGB data image fusion methods, which were “Image Fusion with Guided

Filtering” [11] and “Infrared and Visible Image Fusion using a Deep Learning Framework” [12]. These methods

were implemented, and novel modifications were made to the methods to find improvements. These improvements

were assessed with RGB image fusion quality metrics to show the improvements over the original methods. The

depth image fusion method “Stereo and ToF Data Fusion by Learning from Synthetic Data” [128] was implemented,

and novel modifications were made to find improvements, which can be shown in the results by computing depth

error metrics against the ground truth depth data.

The deficiencies shown in the knowledge base were shown to be data efficiency for the task of crack detection using

a data fusion approach. This work addresses this difficulty by taking image fusion methods which do not have this

constraint of requiring task-specific data since they are general task methods. Novel improvements were made to
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these methods so that they can be incorporated into a full data fusion crack detection pipeline, resulting in lower

error for detection.

3.1 Image Fusion with Guided Filtering

The first fusion algorithm implemented is “Image Fusion with Guided Filtering” [11], which has been shown to work

well on a wide variety of image fusion tasks. These image fusion tasks are all fusing multiple images into a single,

higher-quality image. The images that are fused are captured with the same view, where each image contains some

differences, which include:

� Multi-spectral image fusion: This task takes images taken with different wavelength ranges.

� Multi-focus image fusion: This task takes images taken with different focal distances.

� Multi-modal image fusion: This task takes images taken with different sensor modalities, such as infrared and

visible.

� Multi-exposure image fusion: This task takes images taken with different exposure settings.

3.1.1 Guided image filtering

Guided image filtering [129] is an optimisation-based image filtering method. It computes an output image Q given

a guidance image I and an input image P . The output Q is filtered based on the contents of I to allow guidance of

the filtering. The guidance image I can be chosen as the input image P itself or another different user-determined

image. The method applies a linear transform on the guidance image I within a window ωk where k is the pixel at

the centre of the window to output each pixel Qi in the window wk:

Qi = akIi + bk, ∀i ∈ ωk (3.1)

For each pixel in the image, this transformation is computed using all the pixels from the corresponding window to

construct a full output image. The pixels near the edges are computed by padding the pixels around the image with

a reflection of the pixels on the edge of the image, so k can be any pixel in I. The window size is a user-determined

parameter. For the window size used in the implementation, see Section 3.1.3.
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The filtered output will have multiple values for each pixel from overlapping windows, so the pixel values are

averaged into a single pixel value. The coefficients ak, bk are constant in the window ωk and are computed by

minimising the difference between the output filtered image from the linear transformation and the input image P

and reducing ϵa2k to prevent ak from being too large with regularisation parameter ϵ:

(ak, bk) =
∑
i∈ωk

((akIi + bk − Pi)
2 + ϵa2k) (3.2)

This cost function is solved with linear regression as follows:

ak =

1
|ω|

∑
i∈ωk

IiPi − µkP̄k

σ2
k + ϵ

(3.3a)

bk = P̄k − akµk (3.3b)

where |ω| is the number of pixels in the window ωk, µk is the mean of the guidance image I in the window ωk, σ2

is the variance of the guidance image I in the window ωk and P̄k is the mean of the input image P in the window

ωk. Since the final output is the average of the overlapping windows, the coefficients can be first averaged where

they overlap to calculate coefficients āi, b̄i for each pixel in the guidance image I, so each pixel can be computed

directly:

āi =
1

|ω|
∑
k∈ωi

ak (3.4a)

b̄i =
1

|ω|
∑
k∈ωi

bk (3.4b)

qi = āiIib̄i (3.4c)

For RGB images with 3 channels, each channel in the input image P can be computed separately with a 3-channel

guidance image I as follows:

qi = aTk Iibk, ∀i ∈ ωk (3.5)

where the user determined RGB guidance image is I and Ii is a 3 × 1 colour vector at pixel i in the guidance

image and ak is a 3 × 1 coefficient vector, so bk is a scalar to output a scalar Qi. This is computed for each colour
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channel in the input image p, which then generates each colour channel in the output image q, so the coefficients

are computed as follows:

ai = (
∑
k

+ϵU)−1(
1

|ω|
∑
i∈ωl

IiPi − µP̄k) (3.6a)

bi = P̄k − aTk µk (3.6b)

where
∑

k is the 3 × 3 covariance matrix of guidance image I in window wk and U is the 3 × 3 identity matrix.

Figure 3.1: Illustration of before and after a guided filter is applied. The left image shows the image that was used
as both the guidance image and input image. The right shows the output of the guided filter, where the image has
been smoothed, but the edges are preserved.

Shown in Figure 3.1, this filter has an edge-preserving and smoothing property that works by outputting a pixel

that is closer to the average of its neighbouring pixels if it is in an area of the image with a low variance of pixel

values. If it is in an area of the image where there is a high variance in the pixel values, the output pixel value will

be closer to its input pixel value. An example of this code can be seen in the linked Codebase [130].

3.1.2 Image fusion

Next, the implementation of guided filtering for image fusion [11] was used. This method takes a set of images and

applies guided filtering to compute a weight map for each image. The set of input images can be of any size. The
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fusion is done at 2 levels by first decomposing each source image I into a base layer B and detail layer D so the set

of detail layers and set of base layers can be fused separately and then finally combined into the fused image.

For each source image, the base layer is computed by applying an average filter to the source image. Then, the

detail layer is computed by subtracting the base layer from the source image D = I − B, so the source image is

reconstructed by adding the detail and base layer together.

This decomposition process is so that the base layer has a large-scale variation with low-frequency changes, and the

detail layer contains a smaller-scale variation with high-frequency changes. For fusion, the weight maps need to be

computed, with each source image having weight maps for both the base and detail layers, which contain weights

for each pixel. Each weight map is computed by first applying a 3 × 3 Laplacian filter to the source image before

decomposition, then taking the absolute value of each pixel and applying a Gaussian filter to get the local average.

Figure 3.2: Illustration of the saliency map output. The left image shows the image that was used as the input
image. The right image shows the saliency map output. The high values shown in white correspond to the important
information in that image.

This output will be a saliency map shown in Figure 3.2, where it will have high values where its source image pixel

contains important information, so comparing across each saliency map at the same pixel, the source image with
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the most information can be determined for each pixel as follows:

P k
n =


1 if Sk

n = max(Sk
1 , S

k
2 , ..., S

k
N )

0 otherwise

(3.7)

where N is the number of source images, and Sk
n is the value at pixel k of the saliency map. Sk

n is computed from

the source image n, so for P k
n to be 1, Sk

n has to have the largest pixel value across the set of all saliency maps.

This computation will give the initial weight map P . Next, to generate the weight maps for both the base layer

and detail layer, guided filtering is used to filter the initial weight map P by using it as the input image, and the

source image is used as the guidance image with different window radius for the base and detail layers as follows:

WB
n = Gr1,ϵ1(Pn, In) (3.8a)

WD
n = Gr2,ϵ2(Pn, In) (3.8b)

with r1 and r2 being the window radius for guided filtering, so the window width is 2 × r + 1. ϵ1 and ϵ2 are the

regularisation parameters. These filtered weight maps WB and WD are normalised by dividing by the pixel sum

across all weight maps, so the weight maps will sum to 1 at each pixel for both sets of weight maps for the base

and detail layers. To fuse the sets of base and detail layers, they are multiplied by corresponding weight maps and

then summed to get a single fused base and detail layer as follows:

B̄ =

N∑
n=1

WB
n Bn (3.9a)

D̄ =

N∑
n=1

WD
n Dn (3.9b)

where Bn and Dn are the base and detail layers from source image In. Then, the fused base layer B̄ and the fused

detail layer D̄ are summed together to get the final fused image.
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3.1.3 Experiment with multi-layer fusion

To improve this method, fusion at more layers than just a base layer and a single detail layer was tested. The

source images were decomposed into 2 detail layers as follows:

Bn = Zw1(In) (3.10a)

D1
n = Zw2(In) −Bn (3.10b)

D2
n = In − Zw2

(In) (3.10c)

where Z is an average filter and w1, w2 are the widths of the windows in which the pixels are averaged. For source

image In, a base layer Bn and 2 detail layers D1
n, D

2
n are generated. The parameters used for testing were w1 = 31

and w2 = 15 with r = 45, ϵ = 0.3 for the base layer, r = 20, ϵ = 0.1 for detail layer 1 and r = 7, ϵ = 1 × 10−6 for

detail layer 2. Where r is the radius of the square window used in the Guided image filtering for a window size of

(2r + 1, 2r + 1). These values were chosen to follow the parameters used in “Image Fusion with Guided Filtering”

[11].

Results for multi-layer fusion

This section investigates the results from modifying the method to apply fusion at more layers than just a base

layer and a single detail layer. The research aims to apply data fusion to the task of crack detection to find

improvements in reducing errors in detection. RGB image data is needed in the detection task, so the fusion of

RGB data can be used to improve detection by producing higher-quality images on which detection is performed.

Finding improvements to existing image fusion methods can then be used in a full crack detection pipeline, resulting

in reduced error in detection. These results investigate whether the proposed modification will result in improved

image fusion.

The method just uses a single base layer and a single detail layer. This limits the method, as using multiple detail

layers could allow for improved fusion by separating the visual information of the images into these detail layers

to be fused separately. To get results, the method Image Fusion with Guided Filtering [11] is implemented and

changed to use 2 detail layers instead of only 1 detail layer.
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The implementation was evaluated for multiple sets of images that have some variation between them. The method

was first tested on a dataset with variation in focal length [131] to see through visual inspection and with image

quality metrics if the fused image is of higher visual quality, containing more information than either of the input

images alone. Only two source images were used for fusion, so the visual results are easier to interpret.

Figure 3.3: The two source images from the multi-focus dataset. The left image has a short focal distance where
the buildings in the background are blurred, and the ground close to the camera is in focus. The right image has
a long focal distance where the buildings in the background are in focus, and the ground close to the camera is
blurred.

Figure 3.4: The two fused images using the original (left), modified method (middle) and the difference between
them (right). Both the fused images show successful data fusion as they show both the background and foreground
in focus. The right image of the differences created by subtracting the left image from the middle image shows that
the modified method is only producing differences in a small number of places, shown in white, while the rest is
shown to have no differences in black.
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Figure 3.5: The two source images from another scene in the multi-focus dataset. The left image has a short focal
distance where the trees and objects in the background are blurred, and the ground close to the camera is in focus.
The right image has a long focal distance where the trees and objects in the background are in focus, and the
ground close to the camera is blurred.

Figure 3.6: The two fused images using the original (left), modified method (middle) and the difference between
them (right). The right image of the differences created by subtracting the left image from the middle image also
shows that the modified method is only producing differences in a small number of places, shown in white, while
the rest is shown to have no differences in black.

From visual inspection, these results (Figures 3.3 to 3.6) show that the fusion method is outputting an image with

more information than from a single source image (Figures 3.3, 3.5) as the fused images (Figures 3.4, 3.6) combine

the sharp regions from both souce images so both the foregrounds and backgrounds are in focus. The left source

images have a short focal distance, so the image is sharper where it is closer to the camera, and the right images

have a longer focal distance, so they are sharper where they are farther from the camera. The method sets the
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correct weights for these pixels to compute the final image that is clear in both these areas by setting higher weights

for those sharper regions and lower weights where it is blurred. From the fused images, the difference in the quality

of image fusion is not distinguishable between the original method and the multi-layer decomposition method with

multiple detail layers that were implemented. The difference image shows the areas where it is different in white;

however, these are only in a few areas, and from visual inspection, it is challenging to see what has changed.

To objectively evaluate the fusion accuracy of the modified implementation, metrics to compute image fusion quality

were used. The metrics take the 2 source images and the fused image as inputs and output a score that indicates

how similar the fused image is to both of the source images. These metrics were used to evaluate the implemented

method that uses 2 detail layers, and then the original method was evaluated that uses a single detail layer, and

the change in the score between the 2 methods was recorded.

The first metric described by Yang et al. is QY [132], which uses the structural similarity index measure (SSIM)

[133] to compare the fused image with both of the source images as follows:

QY =


λwSSIM(Aw, Fw) + (1 − λw)SSIM(Bw, Fw),

if SSIM(Aw, Bw|w) ≤ 0.75

max{SSIM(Aw, Fw), SSIM(Bw, Fw)} otherwise

(3.11a)

λw =
var(Aw)

var(Aw) + var(Bw)
(3.11b)

where w is a window of width 7 and the source images are A,B and the fused image is F . The local weight λw is

calculated using the var(Aw), var(Bw), which are the variances of the source images A,B in the window w.

The metric QC by Cvejic et al. [134] uses the universal image quality index (UIQI) [135] to compare the fused

image to the source images as follows:

QC = µ(Aw, Bw, Fw)UIQI(Aw, FW ) + (1 − µ(Aw, Bw, Fw))UIQI(Bw, FW ) (3.12a)
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µ(Aw, Bw, Fw) =


0 if σAF

σAF+σBF
< 0

σAF

σAF+σBF
if 0 ≤ σAF

σAF+σBF
< 1

1 otherwise

(3.12b)

where σAF is the covariance between source image A and the fused image F and σBF is the covariance between

source image B and fused image F .

The metric QG by Xydeas et al. [136] uses a measurement for edge information preservation to compare the source

images to the fused image as follows:

QG =

∑N
i=1

∑M
j=1(QAF (i, j) + QBF (i, j)τB(i, j))∑N
i=1

∑M
j=1(τA(i, j) + τB(i, j))

(3.13)

where QAF and QBF are edge information preservation measures that use the edge strength and edge orientation

to compare the similarity between A,F and B,F at pixel i, j. N,M are the width and height of the source image,

which are the same for both A and B.

The metric QMI by Hossny et al. [137] uses mutual information to compare the source images to the fused images:

QMI = 2[
MI(A,F )

H(A) + H(F )
+

MI(B,F )

H(B) + H(F )
] (3.14)

where MI(A,F ) is the mutual information of source image A and fused image F and MI(B,F ) is the mutual

information of source image B and fused image F . H(A), H(B), H(F ) are the marginal entropy of source images

A,B and fused image F .

The modified fusion method using 2 detail layers was compared to the original paper’s method, which used a 31×31

averaging filter to generate the base layer, and the parameters were set to r = 45 and ϵ = 0.3 for the guided filtering

for the base layer and r = 7 and ϵ = 1 × 10−6 for the detail layer.

Results evaluated on three types of publicly available image datasets were obtained. A multi-exposure dataset [138]

containing 36 stacks, a multi-spectral dataset [139] containing 32 stacks and a multi-focus dataset [131] containing

32 stacks.
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� For the multi-focus dataset [131], each stack contains multiple images with a range of different focal distances.

� Each stack in the multi-spectral dataset [139] contains images with variation in wavelengths.

� Each stack in the multi-exposure dataset [138] contains images with variation in exposures.

Each dataset contains multiple stacks. These image stacks are just sets of images that all capture the same scene

from the same view, but with differences between them depending on the dataset type, such as different focal

lengths. Each of these stacks contains the same number of images. For each stack, the images contained are taken

in the same scene with the camera in the same pose.

For an extensive evaluation of testing the image fusion of 2 input images, all combinations of 2 images are used for

evaluation, which is 979 pairs for multi-focus, 1600 pairs for multi-spectral and 360 pairs for multi-exposure. Below

are the results showing the percentage change of decomposing into a base layer and 2 detail layers from the source

images when compared to only decomposing into a base layer and a single detail layer, so a positive change would

show an improvement in accuracy from using the modified method.

Multi-Focus Percentage improvement
QY 0.2906%
QC 1.3709%
QG 1.0370%
QMI 0.8357%

Table 3.1: Results on the multi-focus dataset. The percentage increase is shown for each metric compared using 1
detail layer and 2 detail layers when tested on the multi-focus dataset.

Multi-Spectral Percentage improvement
QY 0.0921%
QC 0.5197%
QG 0.2400%
QMI 0.8065%

Table 3.2: Results on the multi-spectral dataset. The percentage increase is shown for each metric compared using
1 detail layer and 2 detail layers when tested on the multi-spectral dataset.

Multi-Exposure Percentage improvement
QY 0.2495%
QC 0.8984%
QG 0.2093%
QMI 0.4696%

Table 3.3: Results on the multi-exposure dataset. The percentage increase is shown for each metric compared using
1 detail layer and 2 detail layers when tested on the multi-exposure dataset.
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The results (Tables 3.1 to 3.3) show that using 2 detail layers has a small improvement that is consistent for all the

datasets. This shows that the modification made to the method with the use of 2 detail layers results in improved

fusion quality over the original method’s use of a single detail layer. The use of a single detail layer limits the image

fusion, whereas using the 2 detail layers allows the method to separate information across these layers so they can

be fused separately.

Next, the method was evaluated on depth data to see if this method is suitable for improving 3D reconstruction.

To evaluate the fusion accuracy with depth data, the previous metrics were not suitable because a ground truth of

the true depth values at each pixel was needed, so the accuracy of the fusion algorithm could be measured.

Figure 3.7: Example from the SYNTH3 dataset. From left to right, the first image shows the RGB left stereo
rendered image. The second image shows the ToF depth map. The third shows the stereo depth map. The fourth
image shows the ground truth depth map.

The dataset that was chosen to be used for testing is the SYNTH3 [128, 140] dataset, which is publicly available

for use. SYNTH3 is a synthetic dataset that contains 15 3D scenes that have been created using Blender [127].

Figure 3.7 shows an example scene from the dataset. The 3D scenes are used to simulate using a time-of-flight

camera and a stereo camera pair to generate 2 separate depth maps that have been obtained from different sensors.

The scenes are generated to test a wide variety of scenarios that will be challenging for each of the sensors, including

reflections, repetitive patterns, and global illumination. The time-of-flight and stereo camera pair were simulated

using the 3D scene.

The chosen dataset contains disparity maps that have been computed with the Semi-Global matching stereo al-

gorithm [141] from the pair of rendered stereo camera images. The Semi-Global matching stereo algorithm was

not covered in Chapter 2 since it is a stereo-matching method aimed at real-time computation using traditional

non-deep-learning based methods for computing the disparity. However, the Semi-Global matching stereo algorithm

was used in this dataset to simulate the stereo depth map that would be captured by a stereo depth cameras which

compute the disparity in real time, commonly using algorithms such as Semi-Global matching.
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The simulated depth map from the ToF camera has been re-projected over the poses of the stereo cameras to get

a disparity map, so there are 2 disparity maps from the stereo cameras and the ToF camera, which can be easily

converted into a depth map. The ground truth disparity map is directly computed from the 3D scene. To evaluate,

the mean squared error (MSE) and the mean absolute error (MAE) were used. These were calculated between the

ground truth and the fused disparity map and averaged across all the scenes. Then, this was compared with the

errors of the stereo and ToF disparity map to see if the error was reduced after fusion.

Disparity map MSE MAE
Stereo 17.2960 0.9225
ToF 8.1430 0.6756
Fused 14.6503 1.1138

Table 3.4: Results on the SYNTH3 dataset. The errors are shown compared to the ground truth when the
implementation with 2 detail layers is tested on the SYNTH3 dataset.

These results (Table 3.4) show that although the MSE error for the fused disparity map is reduced compared to

the stereo disparity map, it is still a greater error compared to the ToF disparity map. Also, for MAE, the fused

disparity map was unable to reduce the error compared to either of the input disparity maps. For this research

project, it means that the RGB image fusion method had limited success when applied to depth image fusion tasks.

To overcome this, a separate image fusion method should be used for depth map images, which is more general

without being specific to RGB image data.

3.2 Infrared and Visible Image Fusion using a Deep Learning Frame-

work

Next, another method was implemented for image fusion that was then tested on the disparity map dataset. This

method [12] uses VGG-19 [142], a pre-trained deep convolutional neural network for image recognition. It uses

the VGG-19 network to detect features at multiple layers in the network with a range of receptive field sizes. The

method also decomposes each of the source images into a base layer and a detail layer so the different layers can be

fused separately.
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3.2.1 Fusion of base layers

For the source image to be decomposed into a base layer and a detail layer, the base layer is first computed from

the source image by using a low-pass filter, so the output will contain low-frequency changes but at a larger scale.

The filter used is equivalent to Tikhonov regularisation with the regularisation parameter λ, and the regularisation

term is a discrete gradient operator G:

Bn = arg min
Bn

||Bn − In||22 + λ
∑
i

||GiBn||22 (3.15)

where In is source image n and Gi computes the discrete gradient along axis i. To compute the detail layer, the

base layer is subtracted from the source image Dn = In −Bn. The fused base layer can be directly computed from

the base layers by averaging them as follows:

B̄ =
1

N

N∑
n

Bn (3.16)

where N is the number of source images to be fused.

3.2.2 Fusion of detail layers

To fuse the detail layers, features are extracted by using the VGG-19 convolutional neural network. This is done

by first extracting the network outputs at multiple layers to get features at different depths in the network

ϕi,m
n = Φi(Dn) (3.17)

where Φi the features from VGG-19 computed up to chosen layer i, 4 layers are chosen so i ∈ {1, 2, 3, 4} corresponding

to the layers chosen [1, 6, 11, 20] so the output will be the feature maps at layer i in VGG-19 so m ∈ {1, 2, ...,M}

where M is the number of channels at layer i which is M = 64 × 2i−1 for VGG-19. Dn is the detail layer from

the source image n. Next, the feature maps are reduced to a single activity map Ci
n by using the l1 norm and an

average filter:

Ci
n = Zw ∗ ||ϕi,1:M

n ||1 (3.18)
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where Zw is a mean filter with window width w. Here, a width of 3 is used. This is done to make it more robust to

misaligned features, and the input is reflection-padded to conserve the input size. The l1 norm takes the absolute

values and sums the M channels, so large negative and positive values in the feature maps will result in larger values

in the activity maps. From these activity maps, weight maps can be computed using the soft-max operator, which

divides by the sum of all the activity maps computed from N source images, where a weight map is computed W i
n

for each VGG-19 feature map i extracted from the detail layer from source image n:

C̄i =

N∑
n

Ci
n (3.19a)

W i
n =

Ci
n

C̄i
(3.19b)

The VGG-19 network contains max-pooling layers, which reduce the size, resulting in different-sized feature maps.

The feature map layers from the network are chosen as the output of the layer following a max-pool operation.

The max-pool operations have stride 2, resulting in the feature map size reduced by 1/2i−1 where i ∈ {1, 2, 3, 4}.

To get feature maps that are all the same size as the detail layer, they are upsampled using nearest neighbour

interpolation, resulting in 4 weight maps with the same size as the detail layer and normalised to sum to 1. They

are each multiplied by the N detail layers and summed to generate 4 fused detail layers, where pixel k of the fused

detail layer is computed as follows:

D̄i =

N∑
n=1

W i
nDn (3.20)

The final fused detail layer is the maximum pixel values from the 4 fused detail maps as follows:

D̄k = max(D̄1
k, D̄

2
k, D̄

3
k, D̄

4
k) (3.21)

3.2.3 Results

The method “Infrared and Visible Image Fusion using a Deep Learning Framework” [12] was implemented. Next,

results were obtained from testing the implemented method on the disparity maps from the SYNTH3 dataset of 15
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scenes from the stereo camera pair and the time of flight camera (ToF).

Disparity map MSE MAE
Stereo 17.2960 0.9225
ToF 8.1430 0.6756
Fused 7.5064 0.7539

Table 3.5: Results on the SYNTH3 dataset. The errors shown are compared to the ground truth when the
implemented method of [12] is tested on the SYNTH3 dataset.

The results (Table 3.5) show that this method has significantly better results than the previous method (Section 3.1)

due to the reduced error of the fused disparity map. The MSE is shown to be lower than both the stereo and ToF

disparity maps. The MAE for the fused disparity map is shown to be lower than that of the stereo disparity map.

However, the result also shows that the ToF disparity map has a lower error than the fused disparity map with the

MAE. The result indicates that a more general method is needed to show a reduction in error in both the MSE and

MAE compared to both of the input disparity maps used. The method used features computed with a pretrained

RGB image model, which can limit the application to depth image data. To overcome this, a separate method will

be used for the fusion of the depth image data to ensure a reduction in error for both the MSE and MAE compared

with the input disparity maps.

3.3 Stereo and ToF Data Fusion by Learning from Synthetic Data

The method “Stereo and ToF Data Fusion by Learning from Synthetic Data” [128] uses a convolutional neural

network to output confidence estimates for each disparity value, which is used to determine the best disparity value

to use from the stereo or ToF disparity map at each pixel location as the one with the greatest confidence value.

This method is specifically for the fusion of depth data and has been shown to improve the accuracy of the fused

result. The convolutional neural network is trained on a synthetic dataset, which is described in Section 3.3.2.

Training on the dataset allows it to accurately predict the areas in the input images that will cause the ToF camera

or the stereo-matching algorithm to have disparity values that are far from the ground truth.

3.3.1 Convolutional neural network

The inputs used for the network are the disparity map from the stereo-matched camera pair and the disparity map

from the ToF camera, as well as the difference between the left and right stereo image pair as a greyscale and the
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amplitudes from the ToF camera. In total, 4 greyscale images are input into the network as a single 4 channel

image to output the 2 confidence maps.
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Figure 3.8: Network architecture of the model used in “Stereo and ToF Data Fusion by Learning from Synthetic
Data”.

The network architecture shown in Figure 3.8 has 6 convolutional layers. The first layer has a kernel size of 5 × 5,

and the following layers all have 3 × 3 kernels. The number of channels outputted from the first is 64, then 128

channels from all the rest, apart from 256 for the second-to-last layer, and the final layer will output 2 channels

for the 2 confidence maps for the stereo and ToF disparity maps. The input images are padded with border values

to output images that are the same size. The activation function used is the Parametric Rectified Linear Unit

(PReLU), defined as follows:

PReLU(x) =


x, if x ≥ 0

ax, otherwise

(3.22)

where a is a learnable parameter that determines the slope when negative. a is initially set to 0.02. This activation

is used over the simpler ReLU to allow small gradients when the input is less than 0.

3.3.2 Training the network

The training dataset is a synthetic dataset which is publicly available [128]. This dataset consists of 40 scenes,

which are 3D and rendered in Blender. 15 test scenes are also used for the evaluation of the trained model. For

each scene data sample, there are 4 input images with a ground truth disparity map. The 55 scenes are used

to generate larger amounts of data by extracting random patches with a width of 128 pixels and doing random

vertical and horizontal flips and random rotations of ±5◦. The ground truth disparity maps are used to compute

the loss function by calculating a target confidence map, which is computed by taking the negative exponential

of the absolute difference between the stereo disparity map and the ground truth disparity map and the absolute
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difference between the ToF disparity map and the ground truth disparity as follows:

C∗
T = e−|DT−DGT | (3.23a)

C∗
S = e−|DS−DGT | (3.23b)

where DT is the ToF disparity map, DS is the stereo disparity map and DGT is the ground truth disparity map.

C∗
T is the target confidence map for the ToF disparity and C∗

S is the target confidence map for the stereo disparity.

C∗
T and C∗

S are both used for computing the loss, which minimises the mean squared error of the network outputs

with these computed target confidence maps as follows:

Loss =
∑

(CT − C∗
T ) +

∑
(CS − C∗

S) (3.24)

where CT and CS are the confidence estimates for the stereo and ToF disparity maps by the same network, which

will be output in separate channels. The Adadelta algorithm is used for optimisation, with its initial learning rate

set to 0.01, and the training is done with a batch size of 32.

These confidence maps can be used to find the best disparity values for each pixel by taking the maximum as

follows:

DF (i, j) =


DT (i, j), if CT (i, j) ≥ CS(i, j)

DS(i, j), otherwise

(3.25)

where DT (i, j), DS(i, j) are the disparity values at pixel i, j from the stereo and ToF disparity maps.

CT (i, j), CS(i, j) are the confidence values at pixel i, j for the stereo and ToF confidence maps outputted by the

network.

3.3.3 Filtering

This method is limited by the final fused depth values only being computed from the corresponding pixels across the

depth maps without using the neighbouring pixels for that computation. This method could be improved by using

the neighbouring pixels to improve the accuracy of the pixel value by applying filtering methods to the image. These
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methods allow the leveraging of priors about the image to reduce noisy depth values and remove outliers based on

the value of the neighbouring pixels. To improve the method, filtering algorithms were tested to reduce the error

metrics of the fused depth map. The method Contrast Limited Adaptive Histogram Equalisation (CLAHE) [143]

and block match 3D(BM3D) [144] were used on the fused data and the input data to determine which approach

best improves the result.

3.3.4 Results

The method Stereo and ToF Data Fusion by Learning from Synthetic Data [128] is implemented to evaluate for

depth map fusion. The results here are obtained from testing the implemented method on the SYNTH3 dataset.

Disparity map MSE MAE
Stereo 17.2960 0.9225
ToF 8.1430 0.6756
Fused from Section 3.1 14.6503 1.1138
Fused from Section 3.2 7.5064 0.7539
Fused 6.6931 0.4809

Table 3.6: Results on the SYNTH3 dataset. The errors shown are compared to the ground truth when the
implementation of [128] is tested on the SYNTH3 dataset. The lowest error in each column is shown in bold.

The results (Table 3.6) here show the method has shown a significant improvement in reducing the error in both

the mean squared error and mean absolute error when used to fuse the disparity maps. The fused disparity maps

achieve an MAE of 0.4809, which is a reduction in the MAE of 28.82% compared to the ToF MAE of 0.6756.

Percentage reduction is calculated as (V2−V1)
|V1| where V2 is the original value and V2 is the reduced value.

For filtering, two strategies were tested. The first strategy is to apply the filtering before the data fusion to both

inputs. The second strategy is to perform the data fusion first, then apply the filtering to the fused output. Both

strategies are tested to determine which strategy results in the lowest error.

For the first strategy, filtering with CLAHE and BM3D is tested. Filtering is applied to both of the disparity maps

before fusion, then the fusion method is used to compute the fused disparity map and record the accuracy at all

stages to determine how much the error is reduced from the filtering for both the ToF and Stereo disparity maps,

as well as in the final fused disparity map. For these results, the filtering methods are not applied to the disparity

map after data fusion.
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Disparity map MSE MAE
Stereo 17.2960 0.9225
Stereo-CLAHE 17.3475 1.2128
Stereo-BM3D 17.1839 0.8872
ToF 8.1430 0.6756
ToF-CLAHE 8.1740 0.7233
ToF-BM3D 8.1328 0.6731
Fused 6.6931 0.4809
Fused-CLAHE 6.8006 0.6791
Fused-BM3D 6.6597 0.4579

Table 3.7: Results on the SYNTH3 dataset. The errors shown are compared to the ground truth when the
implementation of [128] is tested on the SYNTH3 dataset, along with using CLAHE and BM3D on the input
disparity maps only. The lowest error in each column is shown in bold.

These results (Table 3.7) show that filtering with CLAHE increased the error before fusion for both Stereo and

ToF disparity maps. This results in an increased error of the final fused disparity map when CLAHE is used. The

filtering results from BM3D show that the stereo and ToF disparity maps both reduce the error. This results in a

further reduction in error in the final fused disparity map. The Fused-BM3D disparity map achieves an MAE of

0.4579, which is a reduction in the MAE of 4.783% compared to the MAE of the fused disparity map without

filtering, which is 0.4809.

For the second strategy, filtering after using the fusion method is tested with CLAHE and BM3D. Filtering is

applied to the disparity map after fusion, with the input ToF and Stereo disparity maps not being filtered before

data fusion is done.

Disparity map MSE MAE
Stereo 17.2960 0.9225
ToF 8.1430 0.6756
Fused 6.6931 0.4809
Fused-CLAHE 6.8776 0.7551
Fused-BM3D 6.5239 0.4431

Table 3.8: Results on the SYNTH3 dataset. The errors shown are compared to the ground truth when the
implementation of [128] is tested on the SYNTH3 dataset, along with using CLAHE and BM3D on the fused
disparity maps only. The lowest error in each column is shown in bold.

These results (Table 3.8) show that filtering with CLAHE had an increase in error, and BM3D reduced the error.

The Fused-BM3D disparity map achieves an MAE of 0.4431, which is a reduction in the MAE of 7.860% compared

to the MAE of the fused disparity map without filtering, which is 0.4809. This shows that the best results shown

here are with the second fusion strategy when using BM3D after fusing the depth maps, which gives a reduction
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of 7.860% in the MAE, whereas the first fusion strategy, which uses BM3D before fusion, gives a reduction of

4.783% in the MAE. These percentage reductions in MAE are calculated as the percentage change of the MAE of

the Fused disparity map output with filtering applied compared to without filtering applied.

Results were collected for each scene in the dataset separately so that the error reduction could be individually

inspected to see if the results were consistent.

Scene Disparity map MSE MAE Change
1 Fused 12.0265 0.6179
1 Fused-BM3D 11.8108 0.5898 -4.5489%
2 Fused 0.1649 0.1497
2 Fused-BM3D 0.1247 0.1191 -20.4864%
3 Fused 0.9902 0.4085
3 Fused-BM3D 0.8985 0.3528 -13.6203%
4 Fused 47.2189 1.0317
4 Fused-BM3D 47.1273 1.0038 -2.6951%
5 Fused 3.9348 0.4338
5 Fused-BM3D 3.7148 0.3922 -9.5978%
6 Fused 0.6514 0.2235
6 Fused-BM3D 0.5883 0.2032 -9.0887%
7 Fused 6.9951 0.6186
7 Fused-BM3D 6.7049 0.5785 -6.4728%
8 Fused 6.8952 0.8318
8 Fused-BM3D 6.6995 0.7900 -5.0330%
9 Fused 1.9569 0.5989
9 Fused-BM3D 1.5482 0.5258 -12.2069%
10 Fused 3.2670 0.3401
10 Fused-BM3D 3.1688 0.3230 -5.0343%
11 Fused 4.2768 0.5733
11 Fused-BM3D 3.9003 0.5374 -6.2505%
12 Fused 0.4255 0.2346
12 Fused-BM3D 0.3667 0.1883 -19.7364%
13 Fused 7.6537 0.5785
13 Fused-BM3D 7.4859 0.5555 -3.9783%
14 Fused 0.2317 0.2100
14 Fused-BM3D 0.1789 0.1695 -19.2833%
15 Fused 3.7078 0.3622
15 Fused-BM3D 3.5402 0.3171 -12.4534%

Table 3.9: Results on the SYNTH3 dataset evaluated individually. The errors shown are compared to the ground
truth when the implementation of [128] is tested on the individual SYNTH3 dataset, along with the percentage
changed when using BM3D on the fused disparity maps only.

These results (Table 3.9) show that the reduction in error from using BM3D compared to the fused disparity map

without using filtering is consistent across all scenes in the dataset. The dataset shows significant variation in error

across the scenes, such as scene 2 shows a low error of 0.1247 for the Fused-BM3D, and scene 4 shows a high error

of 47.1273 for the Fused-BM3D. The reason for this variation is due to the dataset being diverse and including
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both easy scenes for the ToF and Stereo sensors, such as flat textured surfaces in scene 2, as well as challenging

scenes that include reflective and glossy surfaces in scene 4.

3.4 Conclusions

In this chapter, image fusion methods were investigated for application to the fusion of RGB image data as well as

depth image data. It shows novel improvements made to RGB image fusion methods by using multiple details layers

for computing the fused output image, evaluated with image fusion quality metrics to show an increase in the fused

image quality. The use of RGB image fusion methods on the task of depth image fusion showed limited success,

leading to the use of depth fusion methods being explored. A deep learning depth fusion model was trained, and

novel improvements were made by using filtering methods to further reduce the error. Different filtering strategies

were tested to determine which resulted in the lowest error. These results show how RGB image fusion methods

and Depth image fusion methods can be improved so they can produce higher visual quality images and images

with reduced error, which is essential for use in a detection method. For the detection of cracks, these methods can

be used to reduce the error in the input data, resulting in crack detection with reduced error.
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Chapter 4

LiDAR and Stereo Data Fusion

This Chapter covers the work done in reviewing and comparing the state-of-the-art methods used for computing

disparity or depth maps using RGB and LiDAR, then using this review to produce a data-fusion method built on

what was learned from this review. The work done in this Chapter resulted in producing a review paper [145].

The review aims to find what the state-of-the-art data fusion methods were, how they performed on fusion tasks

compared to each other and what the strengths and limitations of each method were. To determine this, the

performance of each method was evaluated using the metrics reported and the visual results from the depth or

disparity maps computed using colour to visualise the depth or disparity values. The methods are grouped by their

input data type, covering RGB stereo, LiDAR and LiDAR stereo. The work done here is producing independent

evaluations by using the methods which have trained models available. These are used to produce visual results

and resulting error metrics when tested; other information is sourced from what is provided by the authors.

This Chapter also covers the work done in developing a novel LiDAR stereo data fusion pipeline in Section 4.6,

which builds on the work done in Chapter 3 applied to the task of LiDAR stereo data fusion. This uses state-of-

the-art methods that were reviewed in the first stage of this Chapter as part of the fusion pipeline, then after fusion

produces an output lower in error than the methods used in the pipeline.
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4.1 Datasets

To evaluate and compare methods for LiDAR and RGB stereo data, the KITTI Vision Benchmark Suite is used,

which provides publicly available datasets. These datasets are developed for applications in mobile robotics and

autonomous driving research. The data was recorded using a sensor platform attached to a car, which was driven

in and around Karlsruhe, Germany, to capture a diverse dataset of road scenes, including both urban and rural

environments. The sensor platform setup contained a Velodyne HDL-64E LiDAR scanner and two RGB colour

cameras set up to capture stereo images. The setup captures a video from the colour cameras, which is synced with

the LiDAR scans to capture each video frame as a separate scene in the dataset.

The dataset has been made suitable for training and testing models by generating a ground truth for each scene

frame captured by the sensors. The ground truth is generated by a manual annotation process, which starts by

masking out the non-rigid moving bodies, such as pedestrians. Then, separating the static environment from the

rigid moving bodies, which are the moving vehicles, which are a fixed geometry that is moving across frames. The

static environment is where these objects are not moving between captured scene frames, such as the building and

the ground. The rigid moving bodies are labelled as foreground objects (fg), and the static environment is labelled

as the background region (bg). Then, the ground truth is generated from this by accumulating multiple LiDAR

scan frames into each scene’s common coordinate system to get the ground truth for the background region. Then,

the ground truth is generated for foreground objects by masking them out and reinserting 3D CAD models to match

the position, then sampling points from these 3D models to use as the ground truth LiDAR scan for foreground

objects.

4.1.1 KITTI-2015 stereo test dataset

The KITTI-2015 stereo test dataset [146, 147, 148] contains 200 scenes captured from the stereo camera pair. The

stereo ground truth is obtained by projecting the LiDAR ground truth onto the left stereo image view to give a

disparity map ground truth. For each pixel in the disparity map that has a value, it represents the horizontal pixel

distance to map that corresponding pixel in the left image to the pixel in the right image viewing the same point.

The dataset can be used to evaluate a method by computing error metrics between the ground truth disparity map

and the estimated disparity map from that method. The percentage of erroneous pixels averaged over all 200 scenes
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is used as an error metric, where erroneous is defined as greater than a given pixel threshold, which is 3 pixels.

This is computed separately for the pixels of foreground objects and the pixels of the background region. This pixel

threshold error metric is provided by the KITTI Vision Benchmark Suite.

4.1.2 KITTI depth completion validation dataset

The KITTI depth completion validation dataset [149] contains 200 scenes captured from the LiDAR sensor and the

stereo camera pair. The depth completion ground truth is obtained by also projecting the LiDAR ground truth

onto the left stereo image, but keeping it in depth format, where the pixel represents the depth to the surface it is

viewing, measured in meters.

The evaluation is done with the mean absolute error (MAE) reported in millimetres (mm), and the root mean

squared error (RMSE) also in mm. The inverse depth is also used by converting the estimated and ground truth

depths to be 1/depth. Evaluation is done with the inverse mean absolute error (iMAE) reported in units of

1/kilometres (1/km) and the inverse root mean squared error (iRMSE) in 1/km. These error metrics are provided

by the KITTI Vision Benchmark Suite.

4.1.3 KITTI-141 subset

The KITTI-141 subset [66] is a subset of 141 scenes selected from the KITTI-2015 stereo test dataset. These 141

are selected due to having associated raw Velodyne scans for use in testing methods that require both the stereo

and LiDAR data to estimate the disparity. The evaluation is done with the absolute relative error (Abs rel), the

maximum ratio threshold error (δ < 1.25) and the percentage of erroneous pixels with pixel thresholds of 2,3 and 5

(> 2px, > 3px, > 5px). The > 3px matches the error metric used with the KITTI-2015 stereo test dataset, as well

as providing additional error metrics.

4.2 Methods for depth estimation using RGB stereo

RGB stereo methods only use 2 RGB images as inputs, and these are taken with a stereo camera setup where two

calibrated cameras next to each other take images, so that there is some disparity between the two images, and

depth can then be detected.
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4.2.1 RAFT-Stereo: Multilevel Recurrent Field Transforms for Stereo Matching

The method “RAFT-Stereo: Multilevel Recurrent Field Transforms for Stereo Matching” [150] computes the dis-

parity from only RGB stereo images using an approach directly derived from RAFT (Recurrent All-Pairs Field

Transforms for Optical Flow) [41]. RAFT-Stereo applies the approach used in RAFT to disparity estimation from

stereo images.

RAFT

RAFT solves the task of Optical Flow, which produces an optical flow map that estimates per-pixel motion between

video frames. This takes a pair of input images, where they are two consecutive video frames, and will output a

two-channel output optical flow map, which represents a displacement vector to map from the first image to the

second image. RAFT-Stereo is the method which is relevant to this Chapter, so the network is described in full

below.

The network architecture for RAFT is almost identical, with only a few differences, which are that it uses a 4D

correlation and does not include the multi-scale gated recurrent unit (GRU). RAFT uses a 4D correlation volume

to represent the two spatial dimensions of the first image and the two dimensions for the optical flow estimation

vector. RAFT-Stereo is estimating the disparity, which is just a single value. This can be seen as a fixed vector

direction along the horizontal direction, where only the pixel distance needs to be estimated, so only a 3D correlation

volume is needed for the two spatial dimensions, image dimensions, and the single disparity dimension. RAFT only

uses a single-scale GRU, which is just used at the largest scale. RAFT-Stereo is developed from this to introduce

the multi-scale GRU. Details of how the correlation volume is computed and used, as well as the details on the

multi-scale GRU, are given in the description of RAFT-Stereo below.

RAFT-Stereo

In RAFT-Stereo, the task is disparity estimation from stereo images. This takes a pair of input stereo images,

where they are captured from side-by-side cameras, and will output a single-channel output disparity map, which

represents offset values to map from the left image to the right image.

To compute the output with the network first, feature maps are extracted from the left and right images using a
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feature network, which is a convolutional network architecture. Then, feature maps are combined into a correlation

volume by taking the dot product of each possible feature pair corresponding to a possible disparity.

The correlation volume is then downsampled in the dimension corresponding to the disparity. These downsampled

correlation volumes are collected to get a set of multiple correlation volumes that are at different levels, where the

more downsampled volumes have an increased receptive field. This set of different levels of correlation volumes is

referred to as a correlation pyramid. In computer vision, image pyramids [151] are a type of representation where

the 2D image is repeatedly downsampled to get multiple levels of images, decreasing the resolution of the higher

level it goes, which forms a pyramid visually if stacked on top of each other. Here, this is referred to as a correlation

pyramid because it does the same process, just with 3D volumes instead of a 2D image and downsampling in the

single disparity dimension instead of downsampling in the height and width dimensions.

An initial estimation of 0 disparity for all pixels is used as a starting point for the disparity map. The initial

disparity map is updated by using a recurrent neural network. To get the inputs for the recurrent network, the

correlation pyramid is indexed by selecting windows in each volume around the current disparity estimates. The

windows are concatenated together into a single feature map, which is then fed through convolutional layers to

get correlation features. The current disparity estimation is also fed through convolutional layers to get disparity

features.

The left image of the image pair is fed through a context network to extract context features. The right image is not

used in the context network because the disparity map is defined for the left image’s view, giving disparity values

that map to the right image, so for the coordinate system to match with the other features, it needs to use the left

image’s view. This allows the context network to provide structural information, in that the left image view is used

to compute the disparity. The right image is only used in producing the correlation volume, which uses both the

left and right image features to allow the network to match features.

The correlation, disparity and context features are concatenated into a single feature map and used as the input

for a multi-scale gated recurrent unit (GRU).
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Figure 4.1: The multi-scale GRU shown with 3 feature maps f1, f2, f3 at different scales 1/8, 1/16, 1/32. The dispar-
ity map dk shown is updated by adding the output of the highest resolution scale GRU 1/8, the correlation pyramid
lookup operation is shown as L, and the result is input to the highest resolution scale GRU 1/8. Downsampling
and upsampling are used to change the scales of the feature maps or disparity map when being passed between the
GRUs.

The multi-scale GRU (Figure 4.1) is composed of 3 GRUs at multiple feature map resolution scales.

The first GRU and lowest resolution scale is at 1/32 the resolution of the input image, so the feature maps have

the height and width both at 1/32 the size of the input image’s height and width. This scale of 1/32 is needed to

give information from a receptive field to be used for updating the disparity map. A lower resolution is not used

since the feature map is too small; therefore, it lacks useful spatial information.

The output of the first GRU at the 1/32 scale is upsampled to 1/16 resolution scale and concatenated with the input

feature map for the second GRU at the higher resolution of 1/16. Then the output of the second GRU is upsampled

and concatenated with the input feature map for the third GRU, which is at the highest resolution of 1/8. To

output the update to the disparity map estimate to get the new disparity map update with element-wise addition.

The correlation pyramid lookup is used to input into the highest resolution 1/8 GRU, and the downsampled current

disparity map estimate is used as an input for the other 2 GRUs. The second GRU of resolution 1/16 also uses the

highest resolution 1/8 feature map as an input.

For training the network, the loss is computed after each update to the disparity map estimation, with disparity

estimations that took more update steps having a greater weighting.
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Performance Evaluation

This method was tested on the KITTI-2015 stereo test dataset described in Section 4.1.1 using the percentage of

erroneous pixels with a 3-pixel threshold. The method resulted in 1.96% for all pixels, 2.89% for foreground pixels

and 1.75% for background pixels.

Figure 4.2: The qualitative results from [150] show the top image as the left RGB image from the first example
scene from the KITTI-2015 stereo dataset. The corresponding disparity map estimation is shown in the bottom
image.
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Figure 4.3: The qualitative results of RAFT-Stereo on the second example scene.

Figure 4.4: The qualitative results of RAFT-Stereo on the third example scene.

The qualitative results in Figures 4.2, 4.3, 4.4 show fine-depth detail with depth estimated in the fence and sign
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posts on the left side of Figure 4.3. This is because it puts the image at full resolution without the need to upsample

from a lower-resolution estimation.

4.2.2 Practical Stereo Matching via Cascaded Recurrent Network with Adaptive

Correlation

The method “Practical Stereo Matching via Cascaded Recurrent Network with Adaptive Correlation” (CREStereo)

[152] computes a disparity map from a pair of stereo images using a deep convolutional neural network. The

disparity map is computed using a recurrent-based architecture to refine the disparity estimation starting from a

zero-initialised disparity map.

First, a feature network is used on both left-right stereo images to extract feature maps, which are used to construct

3-level feature pyramids for both of the input images. Next, a positional encoding is added to the feature pyramid,

and then it is input through a self-attention layer to get the final feature pyramid, which is used as the input for

the recurrent update module.

Next, the recurrent update module uses an adaptive group correlation layer similar to [45]. This layer outputs the

inputs for the recurrent neural network from the feature pyramids. This is done by first using a cross-attention

layer to get grouped features, which are then sampled using the current predicted disparity map. The sampling is

done using a search window with fixed offsets, which will alternate between 1D and 2D searches to allow for stereo

matching that does not lie on the epipolar line. The feature pyramid is also used to compute learned offsets to

allow for a deformable search window to be used by extending the method for deformable convolutions [153]. The

pyramid sampling will collect features in a window to be used to construct a correlation volume of size H ×W ×D

where H and W are the input image height and width, and D is the number of correlation pairs, which is smaller

than W . The correlation at x, y, d in the correlation volume is computed as follows:

corr(x, y, d) =
1

c

C∑
i=1

F1(i, x, y)F2(i, x′′, y′′) (4.1)

where x′′ = x + f(d) + dx, y′′ = y + g(d) + dy. F1, F2 are the feature maps, f(d), g(d) are the fixed offsets which

will alternate between 1D when g(d) = 1 and 2D when g(d) ∈ [−4, 4] with f(d) ∈ [−4, 4] for both and dx, dy are

the learned offset which is computed from the feature pyramids.
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The correlation volume is used as an input to the recurrent neural network, which is formed of multiple GRUs,

each at a different scale. The final disparity map is then computed using cascaded refinement, where the output

disparity map from a lower-level GRU is upsampled and then used as the initial disparity map for the next GRU

level to finally get the highest-level GRU output, which is used as the final disparity map.

Performance Evaluation

This method was tested on the KITTI-2015 stereo test dataset described in Section 4.1.1 using the percentage of

erroneous pixels with a 3-pixel threshold. The method resulted in 1.69% for all pixels, 2.86% for foreground pixels

and 1.45% for background pixels.

Figure 4.5: The qualitative results from CREStereo [152] show the top image as the left RGB image from the first
example scene from the KITTI-2015 stereo dataset. The corresponding disparity map estimation is shown in the
bottom image.
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Figure 4.6: The qualitative results of CREStereo on the second example scene.

Figure 4.7: The qualitative results of CREStereo on the third example scene.

The qualitative results in Figures 4.5, 4.6, 4.7 show fine detail visible in the left of Figure 4.6 with the fence and
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sign posts similar to [150] since it also can output the full resolution.

4.2.3 Hierarchical Neural Architecture Search for Deep Stereo Matching

This method, LEAStereo (Learning Effective Architecture Stereo) [154], computes a disparity map from only 2 RGB

stereo images using a deep convolutional neural network. The network architecture is found using NAS (Neural

Architecture Search), and then the found network architecture is trained to get the final model.

The neural network has four stages to compute the disparity map from the stereo image pair. The first stage uses

a 2D feature network to extract a pair of feature maps from the stereo images. The second stage combines the

feature maps into a 4D feature volume. The third stage is a 3D matching network that will compute a matching

cost for each possible disparity using the 4D feature volume as the input. The final stage will project the 3D cost

volume to a 2D disparity map using a soft − argmin layer. Only the feature network and the matching network

have trainable parameters, so NAS is used to find the best architecture for these networks.

The architecture search is done using differentiable architecture search [155], where there is continuous relaxation of

discrete architectures, so the best architecture can be found using gradient descent. A two-level hierarchical search

[156] is used to find the best cell-level and network-level structures.

Cell-level search space

A computational cell is the building block which is used to create the feature network and the matching network.

The cell defines a sequence of operations to apply to the input feature maps and resulting intermediate feature maps

to compute the output feature maps of the cell. The cells are represented as directed acyclic graphs that consist of

an ordered sequence of n nodes, where the nodes are the feature maps and the edges are operations that transform

the feature maps, so a node is computed by applying the operations and then combining the feature maps with

element-wise addition. The feature network and the matching network are both deep convolutional neural networks

that are constructed with computational cells, which are stacked in layers and share the same structure.
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Figure 4.8: Cell-level search space. The cell output Cl is computed using the previous 2 cell outputs Cl−2, Cl−1.
The intermediate nodes are shown as 0, 1, 2, and for each input connection to these nodes, an operation will be
searched for. The red dashed arrow shows the residual connection, and the blue dashed arrow shows the previous
cell that uses Cl−2 as one of its inputs to compute Cl−1. The intermediate nodes are concatenated, shown with
black dashed arrows, to get the final output Cl.

The cell search space (Figure 4.8) has the first two nodes used as inputs, so for cell Cl in layer l, the two input nodes

are outputs from the two preceding cells (Cl−2, Cl−1). The cell output is computed by concatenating nodes that

are not input nodes to the cell. The cells in the final model that will be found will only have two input connections

for each node. The architecture search will find these connections and the operation.

To make the architecture continuous in the search phase, the nodes have all possible connections, so node i is

connected to nodes {1, 2, ..., i− 1}, and the edges have all possible operations from the set of candidate operations.

In the search phase, the output of a node is computed as follows:

s(j) =
∑
i⇝j

o(i,j)(s(i)). (4.2)

where ⇝ denotes node i is connected to node j. o(i,j) is defined as follows:

o(i,j)(x) =

v∑
r=1

exp(α
(i,j)
r )∑v

s=1 exp(α
(i,j)
s )

o(i,j)r (x) (4.3)

where o
(i,j)
r (x) is the r-th operation between nodes i and j. α(i,j) = (αi,j

1 , αi,j
2 , ..., αi,j

v ) is a weight mixing vector

that is used in the softmax function to weight the operations. After the search phase, the operation to be used

O
(i,j)
r∗ is selected as the operation with the highest corresponding weight after the search phase r∗ = arg maxr α

(i,j)
r .

The set of candidate operations for the feature net is OF = {“3 × 3 convolution”, “skip connection”}. The set of

candidate operations for the matching network is OM = {“3× 3× 3 convolution”, “skip connection”}. The top two
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highest operations are selected for each node, so each node has two input connections. Following ResNet[157], the

cells are modified to include a residual connection between the output of the previous cell and the cell’s output.

Network-level search space

The network-level search space will have a fixed number of layers L that will allow the network to downsample,

upsample or keep the same spatial resolution of the feature maps at each layer. The search space has the maximum

and minimum resolution the feature map can be, and the network will downsample by a scale of 1/2 and upsample

by a scale of 2.

To make the architecture continuous at the network level, all possible configurations are computed with weighting

parameters. In the search phase the output h
(l)
(s) of layer l at spatial resolution s is computed as follows:

H
(l)
(s) = β̄(s/2)Cell(h

(l−1)
(s/2) , h

(l−2)
(s) )

+β̄(s)Cell(h
(l−1)
(s) , h

(l−2)
(s) )

+β̄(2s)Cell(h
(l−1)
(2s) , h

(l−2)
(s) )

(4.4)

where Cell(h(l−1), h(l−2)) is the cell computation which takes the outputs from the previous two layers (l− 1, l− 2)

as inputs. β̄s is the weight parameter after the softmax function has been applied. The best network architecture

is selected as the one with the highest weights for each layer.

The network used 6 layers for the feature network and 12 layers for the matching network. A maximum resolution

of 1/3 of the input size and a minimum of 1/24 were used for the search space. The cells used five nodes.

Optimisation

The network is searched and trained in an end-to-end manner, so the loss function uses the final disparity output

computed by the model and the ground truth disparity. The loss function is defined as follows:

L = ℓ(dpred − dgt),whereℓ(x) =


0.5x2, if |x| < 0

|x| − 0.5, otherwise

(4.5)

where dpred is the predicted disparity map by the network and dgt is the ground truth disparity map.
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The training is done with two disjoint training sets. One optimises the network parameters, and the other optimises

the architecture search parameters for the cell-level α and network-level β. The optimisation is done by alternating

the update of the network weights and the network search parameters. The network has been trained on the

SceneFlow dataset [54].

Performance Evaluation

This method was tested on the KITTI-2015 stereo test dataset described in Section 4.1.1 using the percentage of

erroneous pixels with a 3-pixel threshold. The method resulted in 1.65% for all pixels, 2.91% for foreground pixels

and 1.40% for background pixels.

Figure 4.9: The qualitative results from LEAStereo [154] show the top image as the left RGB image from the first
example scene from the KITTI-2015 stereo dataset. The corresponding disparity map estimation is shown in the
bottom image.
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Figure 4.10: The qualitative results of LEAStereo on the second example scene.

Figure 4.11: The qualitative results of LEAStereo on the third example scene.

The qualitative results in Figures 4.9, 4.10, 4.11 shows less fine detail with smoother edges. This is due to it
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outputting the disparity map at a lower resolution and then upsampling it. However, in Figure 4.10 on the left side,

it is able to estimate parts of the fence that the previous method missed, although they are estimated as thicker

with smoother edges than they appear in the RGB image.

4.3 Methods for LiDAR depth completion

LiDAR methods use depth data as the input that has been obtained by a LiDAR scanner. The LiDAR scanner

computes a point cloud, and then the point cloud is projected onto a view to produce a depth map. However, the

depth map is sparse, meaning not all pixels have a depth value, so these methods estimate the missing depth values

in the depth map. An RGB image is also used, which captures the same view as the depth maps, so it can guide

the depth completion methods.

4.3.1 PENet: Towards Precise and Efficient Image Guided Depth Completion

Precise and Efficient Image Guided Depth Completion (PENet) [158], computes a depth map from a sparse LiDAR

depth map and a single RGB image. The method uses a deep convolutional neural network to compute an initial

depth map, which is then refined with a convolutional spatial propagation network.

The neural network for computing the initial depth map uses a two-branch backbone. Both branches will output

a dense depth map estimation and a confidence weight map, which are used to fuse into a single depth map

estimation. The first branch is the colour-dominant branch, which uses both the RGB image and the sparse depth

map as inputs. The network uses an encoder-decoder architecture with symmetric skip connections. This network

will output a colour-dominant depth map estimation and a confidence map, which has confidence values for each

pixel. The second branch is the depth-dominant branch, which uses the output depth map estimation of the colour-

dominant branch and the sparse depth map for the network inputs [159]. This branch has a similar architecture to

the colour-dominant branch, and it also takes the features in the colour-dominant decoder as extra inputs in the

corresponding layers for the depth-dominant encoder.
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Figure 4.12: The model architecture for PENet. The inputs shown are the colour image and the sparse depth,
which are input into the network to compute the fused depth map, which is then further refined. The blue lines
show the skip connections within the colour-dominant branch and depth-dominant branch. The red lines show the
skip connections from the colour-dominant branch to the depth-dominant branch.

In both the network branches, a geometric convolutional layer is used, which is similar to a standard convolutional

layer, but it uses additional 3D position maps, which are then concatenated to the feature inputs to form the input

to the geometric convolutional layer. The position map is derived from the sparse LiDAR depth map D as follows:

Z = D,X =
(u− u0)Z

fx
, Y =

(v − v0)Z

fy
(4.6)

where (u, v) are the coordinates of a pixel and u0, v0, fx, fy are the intrinsic parameters of the camera.

The initial depth map estimation is then refined using a convolutional spatial propagation network [56] with dilated

convolutions [160]. The depth refinement is done in iterations using affinity weight maps learned by the network.

For each pixel, it aggregates information propagated from pixels within the neighbourhood. For the initial depth

map D0 that has been produced by the network, the depth refinement is as follows:

Dt+1
i = WiiD

0
i +

∑
j∈N (i)

WjiD
t
j (4.7)

where Wji is the affinity between pixel i and pixel j, and Wii is the affinity between pixel i and itself, and these

affinity maps are learned by the network.

The loss L(D̂) is used for training, which is an ℓ2 loss, which means it is of the form ℓ2 = (y − ȳ)2 for a variable y
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and a target ȳ. L(D̂) is defined as follows:

L(D̂) = ||(D̂ −Dgt) ⊙ 1(Dgt > 0)||2 (4.8)

where D̂ is the final predicted depth map, Dgt is the ground truth, 1 is an indicator and ⊙ is an element-wise

multiplication. This is so that it only uses the valid pixels in the ground truth for training. For early epochs, a loss

is applied to the intermediate depth estimations from the colour-dominant branch and the depth-dominant branch

as follows:

L = L(D̂) + λcdL(D̂cd) + λddL(D̂dd) (4.9)

where λcd and λdd are hyperparameters.

Performance Evaluation

This method was tested on the KITTI depth completion validation dataset described in Section 4.1.2. The method

resulted in 209.00 for the MAE, 757.20 for the RMSE, 0.92 for the iMAE and 2.22 for the iRMSE.
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Figure 4.13: The qualitative results from PENet [158] show the top image as the left RGB image from the first
example scene from the KITTI-2015 stereo dataset. The corresponding disparity map estimation is shown in the
bottom image. The raw dataset was used for the LiDAR data mapped onto the scenes in the stereo dataset, and
then the results were converted from depth values to disparity using the calibration parameters.

Figure 4.14: The qualitative results of PENet on the second example scene.
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Figure 4.15: The qualitative results of PENet on the third example scene.

The qualitative results in Figures 4.13, 4.14, 4.15 show noise in the disparity maps visible in the estimates in

disparity for the road, where it does not show a smooth gradient change in the disparity colour scale and instead

displays a noise pattern. Since the LiDAR data is sparse, there are regions of pixels without any depth information,

so there will be high uncertainty in those regions.

4.3.2 SemAttNet: Towards Attention-based Semantic Aware Guided Depth Com-

pletion

Attention-based Semantic Aware Guided Depth Completion (SemAttNet) [161], computes a depth map using a

sparse LiDAR depth map and a single RGB image as inputs (and a semantic map). This method first uses a

convolutional neural network to output an initial coarse depth map, which is refined with a spatial propagation

network. The network used for computing the initial depth map uses a three-branch backbone, which consists of a

colour branch, a depth branch and a semantic branch. The depth branch takes the output depth map estimations

computed by the colour and semantic branches, as well as the sparse LiDAR depth map, as inputs. The network

uses a semantic-aware multi-modal attention-based fusion block in the initial network [162]. It is first used to fuse

feature maps from the colour and semantic branches, and then it is used in the depth branch to fuse features from
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the other two branches.

The colour branch uses an encoder-decoder network with skip connections, which takes the colour image and the

sparse depth map as inputs and will output a dense depth map and a confidence map. The semantic branch takes

the depth map computed with the colour-guided branch as an input, as well as the sparse depth map and the

semantic image [159, 158]. The network will output a dense depth map and a confidence map. The network uses

a similar encoder-decoder architecture, uses the decoder features from the colour-guided branch, and fuses them

with the features in the encoder network. The semantic image is computed from the RGB image with a pre-trained

WideResNet38 [163] model. The depth branch uses the output depth maps from the colour branch and the semantic

branch as inputs, as well as the sparse depth map. The branch uses an encoder-decoder network architecture similar

to the other branches, with the decoder features from both branches being fused with the features in the encoder

network.

The decoder features are fused with encoder features using a semantic-aware multi-modal attention-based fusion

block. This uses channel-wise attention and then spatial-wise attention to output a single feature map.

The final depth maps output from each branch are fused using the corresponding learned confidence maps output

from each branch [158, 164].

RGB

SM

SD

SAMMABF ID CSPN++ RD

Figure 4.16: The model architecture for SemAttNet. The inputs shown on the left are the RGB image, the
semantic map SM computed from the RGB image and the sparse depth map SD captured by the LiDAR sensor.
The features from the 3-branch backbone are fused using the semantic-aware multi-modal attention-based fusion
block (SAMMABF) and will output the initial depth map shown as ID. This is refined with the CSPN++ [56]
with dilated convolutions [160] to output the refined depth map shown as RD.

The training loss computes the ℓ2 loss for each branch’s output depth map and the final fused depth map using the

ground truth depth map. Then, the fused depth map from the three-branch network is refined using CSPN++ [56]

with dilated convolutions.
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Performance Evaluation

This method was tested on the KITTI depth completion validation dataset described in Section 4.1.2. The method

resulted in 205.49 for the MAE, 709.41 for the RMSE, 0.90 for the iMAE and 2.03 for the iRMSE.

Figure 4.17: The qualitative results from SemAttNet [161] show the top image as the left RGB image from the first
example scene from the KITTI-2015 stereo dataset. The corresponding disparity map estimation is shown in the
bottom image. The raw dataset was used for the LiDAR data mapped onto the scenes in the stereo dataset, and
then the results were converted from depth values to disparity using the calibration parameters.
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Figure 4.18: The qualitative results of SemAttNet on the second example scene.

Figure 4.19: The qualitative results of SemAttNet on the third example scene.

The qualitative results in Figures 4.17, 4.18, 4.19 show similarities to PENet, where the disparity map has noise

patterns in the colour disparity scale, which is visible in the road.
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4.3.3 Dynamic Spatial Propagation Network for Depth Completion

Dynamic Spatial Propagation Network (DySPN) [165] computes a depth map from a sparse LiDAR depth map

with a single RGB image as well for guidance. A coarse, dense depth map is initially computed with a convolutional

neural network, and then the coarse depth map is refined using a dynamic spatial propagation network.

The initial coarse depth map is computed from the sparse LiDAR depth map using a UNet-like [79] encoder-decoder

network with ResNet-34 [157] as the backbone. This network will output attention maps, the initial depth map, an

affinity matrix and a confidence estimation for the input depth [56, 166, 158].

The depth map is updated with adaptive affinity weights to refine the depth map over N steps. This can be defined

as V t+1 = GtV t for t ∈ {0, 1, 2, . . . , N} with the depth map reshaped to one-dimensional vector V t ∈ Rmn the

global adaptive affinity matrix Gt ∈ Rmn×mn which contains all adaptive affinity weights defined as follows:

Gt =



1 − λ̃t
0,0 w̃t

0,0(1, 0) . . . w̃t
0,0(m,n)

w̃t
1,0(1, 0) 1 − λ̃t

1,0 . . . w̃t
1,0(m,n)

...
...

. . .
...

w̃t
m,n(1, 0) w̃t

m,n(1, 0) . . . 1 − λ̃t
m,n


(4.10)

where w̃t
i,j(a, b) = πt

i,j(a, b)wi,j(a, b) is the adaptive affinity weight which is computed using the fixed affinity weights

wi,j(a, b) and the global attention πt
i,j(a, b). λ̃t

0,0 =
∑

a̸=i,b̸=j so that each row will sum to 1.

RGB

SD

Network

C

AM

ID

AT

RD

Figure 4.20: The architecture for DySPN. The inputs shown on the left are the RGB image and the sparse depth
map SD captured by the LiDAR sensor. The encoder-decoder network outputs the confidence shown as C, the
affinity matrix as AM , the initial depth estimation as ID and the attention maps as AT . The initial depth is
refined over six steps of the DySPN shown in blue to get the final refined depth map shown as RD.
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The DySPN reduces the computational complexity of the global adaptive affinity update by only computing for a

neighbourhood. The affinity weights for neighbours of the same distance are set to be equal, and the neighbourhood

is also deformable [167].

The L1 and L2 loss are both used to compute the training loss, which is defined as Loss(hgt, hN ) = L1(hgt, hN ) +

L2(hgt, hN ) where hN is the depth map after N steps and hgt is the ground truth depth map.

Performance Evaluation

This method was tested on the KITTI depth completion validation dataset described in Section 4.1.2. The method

resulted in 192.71 for the MAE, 709.12 for the RMSE, 0.82 for the iMAE and 1.88 for the iRMSE.

Figure 4.21: The qualitative results from DySPN [165] show the top image as the left RGB image from the first
example scene from the KITTI depth completion dataset. The corresponding depth map estimation is shown in
the bottom image. The colour scale is shown differently because it represents the depth estimations instead of the
disparity estimations.

Figure 4.22: The qualitative results of DySPN on the second example scene.
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Figure 4.23: The qualitative results of DySPN on the third example scene.

The qualitative results in Figures 4.21, 4.22, 4.23 also show less noise in the depth map compared to the other depth

completion methods, with smoother depth colour scale gradients on a flat plane surface, such as the road.

4.4 Methods for data fusion with RGB stereo and LiDAR

The stereo and LiDAR methods use both stereo RGB images captured from a 2 RGB camera setup to capture

images taken from views next to each other, as well as the depth map from a LiDAR scanner projected onto one

of the RGB camera views. These methods will use the 2 RGB stereo images and the sparse LiDAR depth map to

compute a more accurate depth map estimation by using sensor fusion. In Chapter 2 Section 2.2, techniques which

focused on RGB cameras and LiDAR sensors were explored, which informed that recent methods are primarily

deep learning-based and end-to-end trained. This section evaluates the state-of-the-art deep learning-based stereo

and LiDAR methods and investigates the network architecture and performance on the KITTI dataset.

4.4.1 Volumetric Propagation Network: Stereo-LiDAR Fusion for Long-Range

Depth Estimation

Volumetric Propagation Network (VPN) [168] computes a depth map using the RGB stereo images and a LiDAR

point cloud of the scene. First, a fusion volume is constructed to represent the scene as a 3-dimensional voxel

grid evenly distributed along the depth range. The fusion volume is filled with information from the stereo images

first by using a feature extraction network, then converting the voxel coordinates onto the stereo images using the
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calibration parameters. Next, the point clouds are also converted into the fusion volume and stored as a binary

occupancy representation.

Il, Ir

P

Network Fl, Fr fusion volume

Network

Network

D

Figure 4.24: The model architecture for VPN. The inputs shown are the point cloud P and the left-right RGB image
pair Il, Ir used to compute feature maps Fl, Fr and the final depth map D is computed from the fusion volume.

The final information embedded into the fusion volume is point cloud features, which are extracted using FusionConv

layers that cluster neighbouring points from the point cloud that lie within a voxel window. These points are fused

with the corresponding features in the left RGB image feature map, and then the weighted geometric distance is

computed to get the weights for the convolution operation on the neighbouring point features.

The final fusion volume is fed through a stacked hourglass network [27, 169] that consists of multiple encoder

and decoder networks, which compute multiple cost volume estimates. The depth is computed using the soft-min

function. The training total loss is computed with a weighted sum of the loss for each depth map estimate in the

hourglass network.

Performance Evaluation

This method was tested on the KITTI depth completion validation dataset described in Section 4.1.2. The method

resulted in 205.1 for the MAE, 636.2 for the RMSE, 0.9870 for the iMAE and 1.8721 for the iRMSE.
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Figure 4.25: The qualitative results from VPN [168] show the top image as the left RGB image from the first
example scene from the KITTI raw dataset. The corresponding depth map estimation is shown in the bottom
image.

Figure 4.26: The qualitative results of VPN on the second example scene.
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Figure 4.27: The qualitative results of VPN on the third example scene.

The qualitative results in Figures 4.25, 4.26, 4.27 show that the depth map has less noise than the depth completion

methods with smooth depth colour scale gradients on the roads since it also uses stereo matching.

4.4.2 3D LiDAR and Stereo Fusion using Stereo Matching Network with Conditional

Cost Volume Normalisation

The method “3D LiDAR and Stereo Fusion using Stereo Matching Network with Conditional Cost Volume Normal-

isation” (CCVN) [170] computes a disparity map by using the RGB images and sparse disparity maps of a LiDAR

point cloud projected onto the RGB image views. The stereo and LiDAR data are fused by concatenating the

RGB image with the LiDAR disparity map to create a 4-channel image. Then, this is input into a single feature

extraction network using 2D convolutional layers to get feature maps for both left and right images. The features

are used to construct a 4D feature volume which contains all potential matches. Next, a matching network is used

to apply regularisation by using 3D convolutional layers to get the final cost volume. Finally, the soft-min function

can be used to get the final disparity map.
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The cost volume is normalised by using conditional cost volume normalisation, which is inspired by conditional batch

normalisation [171, 172]. In conditional batch normalisation, the learnable parameters are defined as functions of

conditional information and for conditional cost volume normalisation, the information used is the pixels in the

LiDAR data. For the pixels with no values, a learnable constant value is used instead. The conditional cost

volume method is approximated with a hierarchical extension to reduce the number of parameters by computing

an intermediate vector conditioned on each LiDAR pixel and then modulating this with learnable parameters for

each depth in the volume. This conditional cost volume regularisation is used in the matching network to compute

the final cost volume from the feature volume.

Performance Evaluation

This method was tested on the KITTI depth completion validation dataset described in Section 4.1.2. The method

resulted in 252.5 for the MAE, 749.3 for the RMSE, 0.8069 for the iMAE and 1.3968 for the iRMSE.

Figure 4.28: The qualitative results from CCVN [170] show the top image as the left RGB image from an example
scene from the KITTI depth completion dataset. The corresponding depth map estimation is shown in the bottom
image.

The qualitative results in Figure 4.28 show less noise than depth completion methods. However, the visual quality

is lower, as seen in the signposts, compared to the methods which only use stereo data.
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4.4.3 Noise-Aware Unsupervised Deep LiDAR-Stereo Fusion

The method “Noise-Aware Unsupervised Deep LiDAR-Stereo Fusion” [25] fuses a pair of stereo RGB images with

the LiDAR projected disparity maps using an unsupervised training method without the need for training data

with a ground truth disparity map.

The method uses a deep convolutional neural network that computes the final disparity maps using multiple stages

similar to [26]. The first stage extracts features from the stereo images and features from LiDAR disparity maps.

The network uses sparsity invariant convolutional layers [173] for the sparse LiDAR disparity maps. The stereo

and LiDAR feature maps are concatenated into a single feature map for both left and right images. The next

stage constructs a 4D feature volume using both feature maps, and then feature matching is computed using 3D

convolutions to compute the cost volume. Finally, the disparity map is computed using a soft-argmin on the cost

volume.

Il, Ir
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l , D
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r

verification pass

Network

update pass

NetworkDsc
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Figure 4.29: The inputs shown are the left-right RGB images Il, Ir and the left-right sparse disparity maps Ds
l , D

s
r

after the verification pass the filtered disparity maps are computed Dsc
l , Dsc

r this removes disparities that are not

consistent. After the update pass, the fused disparity maps are computed Df
l , D

f
r .

The data is passed through this network twice. The first produces initial disparity maps that are used to remove

noisy LiDAR disparities, so the filtered LiDAR disparity maps are used in the second pass to compute the final

disparity map. The network is trained using an unsupervised loss function that is the sum of an image warping loss,

a LiDAR loss, a smoothness loss and a plane fitting loss. The image warping loss computes photometric consistency

between the stereo images using the final disparity map. The LiDAR loss computes the distance between the

filtered LiDAR disparity map and the final disparity map. The smoothness loss computes the smoothness of the

final disparity map. The plane fitting loss computes the distance between the final disparity map and a disparity
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map created by projecting the disparity values onto a local plane. The network is only updated after the LiDAR

disparities have been filtered. Backpropagation will only go through the final network pass after filtering.

Performance Evaluation

This method was tested on the KITTI-141 subset described in Section 4.1.3. The method resulted in 0.0350 for the

Abs rel, 0.0287 for > 2px, 0.0198 for > 3px, 0.0126 for > 5px and 0.9872 for δ < 1.25.

Figure 4.30: The qualitative results from LiDARStereoNet [25] show the top image as the left RGB image from the
first example scene from the KITTI-2015 stereo dataset. The corresponding disparity map estimation is shown in
the bottom image. The raw dataset was used for the LiDAR data mapped onto the scenes in the stereo dataset,
and then the results were converted from depth values to disparity using the calibration parameters.
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Figure 4.31: The qualitative results of LiDARStereoNet on the second example scene.

Figure 4.32: The qualitative results of LiDARStereoNet on the third example scene.

The qualitative results in Figures 4.30, 4.31, 4.32 show less fine detail in the disparity map than [150, 152], visible in
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the left of Figure 4.31 in the fence and sign posts. However, it shows less noise than the depth completion methods

with smoother colour disparity scale gradients.

4.5 Results, discussions and conclusions

In this section, the performance of the multi-modal fusion methods is compared, all evaluated using the KITTI

dataset [146], which is developed for the application of autonomous driving. The dataset was created using sensors

mounted to a vehicle and contains diverse scenes of urban, rural and highways. The KITTI depth completion

dataset and the KITTI stereo dataset were used, which have been adapted from the raw data to evaluate the tasks

of stereo and depth completion, where stereo predicts the disparity of each pixel between the stereo images and

predicts the depth distance for each pixel.

Depth completion dataset

The following methods are compared: the Volumetric Propagation Network (VPN) method, the “3D LiDAR and

Stereo Fusion using Stereo” Matching Network with Conditional Cost Volume Normalisation” (CCVN) method,

the “PENet: Towards Precise and Efficient Image Guided Depth Completion” (PENet) method, the “SemAttNet:

Towards Attention-based Semantic Aware Guided Depth Completion” (SemAttNet) method and the “Dynamic

Spatial Propagation Network for Depth Completion” (DySPN) on the KITTI depth completion dataset.

Method name MAE (mm) RMSE (mm) iMAE (1/km) iRMSE (1/km)
VPN [168] 205.1 636.2 0.9870 1.8721
CCVN [170] 252.5 749.3 0.8069 1.3968
PENet [158] 209.0 757.2 0.9 2.22
SemAttNet [161] 205.49 709.41 0.90 2.03
DySPN [165] 192.71.0 709.12 0.82 1.88

Table 4.1: Comparison of the methods that have been tested on the KITTI depth completion dataset showing
the mean absolute error (MAE) and root mean squared error (RMSE), both in millimetres, also the inverse mean
absolute error (iMAE) and inverse root mean squared error (iRMSE), both in 1 / kilometres. The lowest error in
each column is shown in bold.

Stereo dataset

The following methods are compared: the “RAFT-Stereo: Multilevel recurrent field transforms for stereo matching”

(RAFT-Stereo) method, the “Noise-Aware Unsupervised Deep LiDAR-Stereo Fusion” (LiDARStereoNet) method

and the “Hierarchical Neural Architecture Search for Deep Stereo Matching” (LEAStereo) method on the KITTI
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stereo dataset.

Method name 3.0 px
RAFT-Stereo [150] 1.96
LiDARStereoNet* [25] 1.98
LEAStereo [158] 1.65
CREStereo [152] 1.69

Table 4.2: Comparison of the methods that have been tested on the KITTI stereo dataset showing the percentage
of pixels with an error greater than 3 pixels. The lowest error in each column is shown in bold. *LiDARStereoNet
was evaluated on a subset of the stereo dataset containing 141 scenes out of 200.

Comparison of accuracy

The compared results in Table 4.1 show the methods tested on the KITTI depth completion dataset, which has

LiDAR and stereo data. The other results in Table 4.2 show the methods tested on the KITTI stereo dataset and

evaluated using a pixel threshold error, which is the percentage of values with a greater error than 3 pixels.

The LEAStereo method shown in Table 4.2 has the highest performance on the stereo dataset using only a pair

of RGB stereo images. This shows the success of the RGB stereo-only approach LEAStereo used compared to the

LiDAR and RGB stereo approach that LiDARStereoNet used. This shows that Stereo-only methods can outperform

LiDAR stereo methods, though using better network architectures and training approaches despite having less data.

In Table 4.1, the VPN method has the highest performance with the RMSE metric, and the CCVN method with

the iMAE and iRMSE metrics. These are evaluated on the depth completion dataset, which has LiDAR and RGB,

so the accuracy will be higher than RGB only. However, the DySPN method has the highest performance with the

MAE metric, which uses LiDAR and only 1 RGB image. This shows that current state-of-the-art LiDAR stereo

fusion methods are able to use the additional stereo data that the LiDAR-only methods do not have access to and

provide lower error with most of the error metrics. However, it also shows that they could show lower performance

in the MAE metric due to the LiDAR-only methods using improved network architectures and training approaches.
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Comparison of strengths and limitations

Methods Strengths Limitations
RAFT-Stereo [150]

� lower memory usage from index-
ing features

� model is available to download

� only RGB sensors used
� lower accuracy

CREStereo [152]
� lower memory usage from index-
ing features

� fast inference time of 0.41 sec-
onds on a NVIDIA RTX 2080Ti
GPU

� higher accuracy
� model is available to download

� only RGB sensors used

LEAStereo [154]
� fast inference time of 0.30 sec-
onds on a NVIDIA V100 GPU

� higher accuracy
� model is available to download

� higher complexity from using
neural architecture search

� higher memory usage due to us-
ing 3D convolutions

� only RGB sensors used
PENet [158]

� multiple sensor modalities used
� lower memory usage due to only
using 2D convolutions

� very fast inference time 0.032 sec-
onds on a NVIDIA RTX 2080Ti
GPU

� model is available to download

� lower accuracy

SemAttNet [161]
� lower memory usage due to only
using 2D convolutions

� multiple sensor modalities used
� very fast inference time of 0.2 sec-
onds on a NVIDIA A100 GPU

� model is available to download

� higher complexity from using at-
tention based modules

� lower accuracy

DySPN [165]
� multiple sensor modalities used
� lower memory usage due to only
using 2D convolutions

� very fast inference time of 0.16
seconds on a NVIDIA RTX
2080Ti GPU

� higher accuracy

� model is not available to down-
load

VPN [168]
� multiple sensor modalities used
� higher accuracy

� higher memory usage due to us-
ing 3D convolutions

� slow inference time of 1.4 seconds
on a NVIDIA 1080Ti GPU

� model is not available to down-
load

CCVN [170]
� multiple sensor modalities used
� higher accuracy

� higher memory usage due to us-
ing 3D convolutions

� slow inference time of 1.011 sec-
onds on a NVIDIA 1080Ti GPU

� model is not available to down-
load

LiDARStereoNet [25]
� multiple sensor modalities used
� model is available to download

� higher complexity from using an
unsupervised training loss

� higher memory usage due to us-
ing 3D convolutions

� lower accuracy

Table 4.3: The strengths and limitations of each method.

The compared methods (Table 4.3) show the strengths and limitations of each method. The methods with slower

inference time take over 1 second to compute the depth map using a NVIDIA 1080Ti GPU due to using stereo
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and LiDAR data as input. These are computed on an image size of (1242 × 375); however, if these models are

trained on larger image sizes, then inference time would scale significantly with an O(n2) complexity scaling for the

2D feature extraction stage in the architectures and a O(n3) complexity scaling for the 3D Volume stages in the

architecture. However, downsampling to the fixed size (1242 × 375) would prevent this and allow use of the model

without retraining for a different input image size.

The methods with very fast inference time take less than 0.25 seconds to compute the depth map due to using

LiDAR and RGB without stereo data. The methods that have high memory usage will be limited by the memory

available when computing the depth maps, so downsampling is used to reduce the memory usage, which can reduce

accuracy. Memory usage and inference time are important for these tasks, as having lower memory usage and

inference times opens up the model to being used for real-time applications and reduces hardware requirements,

allowing integration into real-time detection pipelines. This informs which approaches can be used for real-time use

without needing to wait until offline computation is done.

Shown in Table 4.3, the methods VPN, CCVN, LiDARStereoNet and LEAStereo are limited by the high memory

usage since they all use a feature volume to compute the final depth map, which has high memory cost. This can

limit the methods to outputting a depth map at a lower resolution and then upsampling it, which will result in

losing fine 3D detail. This loss in detail will result in small structures not being represented in the output depth

map, so important information could be ignored.

These methods perform well on the KITTI dataset, with VPN having the highest accuracy, MAE and CCVN

having the highest accuracy for the iMAE and IRMSE. LEAStereo also has the highest accuracy on the KITTI

stereo dataset. However, these methods would not be able to efficiently compute depth maps for datasets with

larger resolution data.

The methods RAFT-Stereo and CREStereo use a recurrent architecture that indexes features to improve compu-

tational and memory efficiency, so increasing the resolution of the RGB input images would not have as high a

memory cost as the feature volume methods.

The methods PENet, SemAttNet and DySPN do not use stereo RGB images as inputs. Instead, they only use a

single RGB image, which reduces the memory cost of the computation and would be more efficient at computing
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depth maps for higher-resolution inputs.

The specific area these methods can be applied to is computing a 3D model of a road environment to be used for

autonomous driving. The methods RAFT-Stereo, CREStereo and LEAStereo all rely on feature matching from

stereo images, so they would only be suitable for autonomous driving in environments with texture, where features

can be easily matched. These methods would perform worse for autonomous driving in environments with texture-

less areas, such as building interiors with walls without any patterns. The methods using the LiDAR depth map

as an input, such as PENet, SemAttNet, DySPN, VPN, CCVN, and LiDARStereoNet, would be more suitable for

these indoor environments.

4.6 Confidence estimation for LiDAR and stereo data fusion

A novel LiDAR stereo data fusion pipeline was developed for computing depth maps from RGB stereo and LiDAR

data that builds on the existing state-of-the-art methods. This follows from the work done in Chapter 3 with the

method for stereo and ToF data fusion.

From the work done reviewing the state-of-the-art methods, it was shown that the state-of-the-art data-fusion

methods could be outperformed by the stereo or LiDAR-only methods due to using a better network architecture or

training approach. To address this issue, a new method was investigated that would aim to overcome this limitation

by incorporating these better state-of-the-art methods into a data fusion pipeline that could then use the outputs

of these methods to produce a final output that is even lower in error. This approach would also allow it to be

more general, as it could be used with any state-of-the-art method, including ones later developed that have higher

performance than existing ones today.

First LEAStereo method is used as with stereo data, it has shown to have higher performance over the LiDARStere-

oNet method, which used both LiDAR and Stereo input data. The LEAStereo method is used to compute a disparity

map from the 2 RGB images to produce a stereo estimated disparity map. The LiDAR data was used to produce

a separate disparity map by projecting it onto the stereo image views and calculating the disparity for each pixel.

To fuse these disparity maps, the approach used in Chapter 3. In that chapter, it was used for fusing stereo and

ToF data, so it is modified to be used for LiDAR and stereo data. The fusion method uses the same convolutional
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neural network architecture with the inputs modified. This method will output confidence estimations for each

disparity value, which can be used to decide which disparity value to use from the stereo or LiDAR disparity map

at each pixel location.

4.6.1 Convolutional Neural Network

The LiDAR data is projected to a sparse disparity map, with most pixels having no disparity value. To get a

dense disparity map from the LiDAR data, interpolation is used to fill in the missing pixels using the neighbouring

disparity values. The inputs used for the network are the disparity map that has been computed by the LEAStereo

method from the stereo image pair, the projected disparity map from the LiDAR data and a warped difference

image. This warped difference is computed by converting the RGB images to grayscale, then warping the right

grayscale image using the LiDAR disparity map, and then taking the difference between the left grayscale image

and the right warped grayscale image.

LiDAR
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Warped image
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Figure 4.33: The network architecture of the convolutional neural network used for confidence estimation. The
LiDAR disparity map, the stereo disparity map and the warped image are used as inputs. The yellow blocks
represent a convolutional layer with the kernel size shown above and the input channel size shown beneath. The
blue blocks represent the PReLU activation functions. The outputs are the LiDAR and stereo confidence maps.

These inputs are fed into the network as a single 3-channel image to output the two confidence maps. The network

uses the same architecture used in Chapter 3 Section 3.3 with the input being modified to use a 3-channel input

shown in Figure 4.33. This network will output with two channels for the two confidence maps for the stereo and

LiDAR disparity maps.

4.6.2 Training the network

The training dataset is taken from the KITTI Vision Benchmark Suite described in Section 4.1. This contains 32918

training scenes where each has an RGB stereo image pair, a LiDAR disparity map and a ground truth disparity
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map. The data are augmented by extracting random square patches with a width of 128 pixels and doing random

vertical and horizontal flips and random rotations of ±5◦, doing identical augmentations on the RGB and LiDAR

disparity maps. The ground truth disparity maps are obtained using the provided ground from the KITTI dataset,

converted to disparity map format. The loss function calculation and the training parameters are followed from

what was used in Chapter 3 for the ToF and stereo fusion method.

4.6.3 Fusion using confidence

To fuse the LiDAR and stereo disparity maps, two fusion strategies are considered. The first strategy is to use the

maximum confidence values only. The second strategy is to use a weighted sum using the confidence values.

For the maximum fusion strategy, the confidence maps are used to find the best disparity values for each pixel by

taking the maximum as follows:

DF (i, j) =


DL(i, j), if CL(i, j) ≥ CS(i, j)

DS(i, j), otherwise

(4.11)

where DL(i, j), DS(i, j) are the disparity values at pixel i, j from the stereo and LiDAR disparity maps.

CL(i, j), CS(i, j) are the confidence values at pixel i, j for the stereo and LiDAR confidence maps outputted by the

network.

For the weighted fusion strategy, the confidence maps are normalised and used to weight the disparity values as

follows:

DF (i, j) = DL(i, j) × e(CL(i,j))

e(CL(i,j)) + e(CS(i,j))
+ DS(i, j) × e(CS(i,j))

e(CL(i,j)) + e(CS(i,j))
(4.12)

where e(·) is the natural exponential function.

4.6.4 Performance evaluation

The accuracy of the implemented method is evaluated by using quantitative results, and then the qualitative results

are evaluated, which are 3D projections of the depth maps.
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Quantitative results

The implemented method and LEAStereo are tested to provide a baseline, as the method uses LEAStereo to perform

data fusion with the LiDAR data. Having the comparison of the method with LEAStereo and the LiDAR will show

if the data fusion can provide a reduction in error compared to the input data. The other stereo methods are not

considered here, as the LEAStereo method was shown to have the highest performance.

Testing is done on the KITTI depth completion dataset with the stereo dataset training scenes removed to get 1528

scenes. Each scene in the dataset has an RGB stereo image pair, a LiDAR scan projected onto a depth map and a

ground truth depth map, which is obtained by combining multiple frames of LiDAR scans of the scene into a single

depth map. The methods tested compute a disparity map for each scene that estimates the true disparity at each

pixel.

To objectively evaluate the accuracy of the estimated disparity maps, the following errors were used: the mean

absolute error (MAE), the root mean squared error (RMSE) and a pixel threshold error for {1px, 2px, 3px, 5px}

that computes the percentage of disparity estimates that are within the threshold. These metrics are computed for

each scene with the ground truth and then averaged. The LiDAR data is also used to compare with the methods

by interpolating the missing values in the LiDAR disparity map to get disparity values at each pixel.

Method name MAE RMSE 1px error 2px error 3px error 5px error

LEAStereo 0.71857 1.36208 3.72739% 1.39395% 0.75764% 0.41516%

LiDAR 0.62999 2.30649 3.94646% 2.74662% 2.03827% 1.44598%

Presented Method Maximum 0.47225 1.38002 2.86182% 1.52125% 0.84817% 0.48718%

Presented Method Weighted 0.59479 1.42881 3.49172% 2.29013% 1.67999% 1.07144%

Table 4.4: The results of the methods tested on the KITTI dataset with the lowest errors are shown in bold.
“Presented Method Maximum” is the method that uses only the values with maximum confidence, and “Presented
Method Weighted” is the method that weights the values with the confidence values and sums them together. The
lowest error from each column is shown in bold.

The results from Table 4.4 show that both LiDAR and Stereo Fusion methods reduced the MAE compared to the

disparity map computed by LEAStereo and the LiDAR disparity map. The “Presented Method Maximum” method,

which uses the maximum confidence disparity values, had the lowest error when compared to the “Presented Method

Weighted” method, which weights the disparity values. The RMSE and the pixel threshold errors all show that

LEAStereo has the lowest error, apart from the 1-pixel threshold error.
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Figure 4.34: The threshold error plotted. “Presented Method Maximum” is the method that uses only the values
with maximum confidence, and “Presented Method Weighted” is the method that weights the values with the
confidence values and sums them together. The X-axis shows the pixel threshold used to compute the error, and
the Y-axis shows the percentage of the pixels with an error that is outside of the threshold.

The graph in Figure 4.34 shows that both the Presented Methods produce the lowest error for the 1-pixel threshold

error. This means that for fine detailed disparity estimation at the single pixel level, the presented methods perform

best. However the graph also shows the LEAStereo method has a slightly better performance for compared to the

“Presented Method Maximum” for disparities that have an error of 2 pixels or greater compared to the “Presented

Method Maximum” method. This means LEAStereo has a slight advantage in reducing the larger outlier errors

that are at the multi-pixel level.

Qualitative results

In this section, the results of the presented method are visually displayed by converting the disparity map estimated

by the method, converting it to depth values, projecting it into a 3D point cloud, and using the corresponding RGB

values in the RGB image to determine the colour of that point.

Figure 4.35: Left RGB images for 3 scenes from the KITTI dataset.
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Figure 4.36: Sparse LiDAR disparity maps for the 3 scenes from the KITTI dataset.

Figure 4.37: LiDAR disparity maps for the 3 scenes from the KITTI dataset interpolated.

Figure 4.38: “Presented Method Maximum” results for the 3 scenes from the KITTI dataset.

Figure 4.39: LEAStereo results for the 3 scenes from the KITTI dataset.

The three images in Figure 4.35 show the left RGB stereo images from 3 example scenes. The left image is from

the first scene in the dataset. The middle image is from the scene with the lowest MAE for the “Presented Method

Maximum” method. The right image is from the scene with the highest MAE for the “Presented Method Maximum”

method.

The images in Figure 4.36 show the sparse LiDAR data for each of the three scenes. The LiDAR disparity values
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have been projected into a 3D point cloud with RGB colours from the RGB images.

The images in Figure 4.37 show the LiDAR data after the missing pixels have been interpolated and then projected

into a 3D point cloud. The images in Figure 4.38 show the 3D point cloud projection from the disparity map from

the presented method that fused the LiDAR and Stereo disparity maps using the maximum confidence.

The images in Figure 4.39 show the 3D point cloud projection from the disparity map computed by LEAStereo.

To further validate the perceptual quality of the result, pairwise comparisons were obtained from random unique

evaluators to provide a more rigorous quantitative evaluation. Amazon Mechanical Turk was used to conduct

the comparison, which allows access to random, unique evaluators to complete the evaluation task defined. The

evaluation was set up to display the results of the visual point cloud projection for both LEAStereo and the

“Presented Method Maximum”. These comparisons were displayed to the evaluators side-by-side in a randomised

order with a reference as the RGB image of the scene provided. Each evaluator was given 3 scenes to evaluate to

determine which point cloud projection best matched the reference image for each scene.

Method name Scene 1 Scene 2 Scene 3 Total Mean opinion score

LEAStereo 18 16 16 50 0.833

Presented Method Maximum 2 4 4 10 0.167

Table 4.5: The results of the visual evaluation by 20 random unique evaluators from the Amazon Mechanical Turk
platform for three scenes. The better evaluation for each column is shown in bold.

The results here (Table 4.5) show that LEAStereo has significantly better visual quality than the “Presented Method

Maximum” method, which uses the maximum fusion strategy. The weighted fusion strategy was not tested here

because it shows significantly lower performance on the error metrics, so only the best fusion strategy was compared.

4.6.5 Fusion using depth completed LiDAR data

To further build on this LiDAR stereo data fusion pipeline, the LiDAR data is improved by using a LiDAR depth

completion method. This method is used to reduce the error in the input disparity map provided from the LiDAR

data. This will modify the presented data fusion pipeline so that it will use the stereo disparity map provided from

LEAStereo, as well as the LiDAR disparity map that has been improved with a depth completion method, and

perform data fusion using the presented confidence fusion model.

This approach is tested using the PENet method [158] as the method chosen to reduce the error in the LiDAR
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disparity maps before fusion with the stereo disparity maps computed by LEAStereo [154]. The PENet method is

chosen since, at the time of this research, it is the most accurate method that has the model publicly available.

The confidence estimation network is also retrained, which is used for fusion on the disparity maps produced by

the PENet method, and compared in the table below.

Method name MAE RMSE 1px error 2px error 3px error 5px error

LEAStereo 0.71857 1.36208 3.72739% 1.39395% 0.75764% 0.41516%

LiDAR 0.62999 2.30649 3.94646% 2.74662% 2.03827% 1.44598%

PENet 0.36403 0.91875 1.62626% 0.92506% 0.61626% 0.34327%

Presented Method 0.37705 1.06877 1.77653% 1.01569% 0.65431% 0.37870%

Presented Method Retrained 0.35721 0.92201 1.52902% 0.82854% 0.52235% 0.27263%

Table 4.6: The confidence estimation fusion results. Here, the “Presented Method” uses the confidence estimation on
the PENet and LEAStereo disparity maps. The “Presented Method Retrained” retrains the confidence estimation
on the PENet disparity maps. The lowest error in each column is shown in bold.

The results in Table 4.6 show that the “Presented Method Retrained”, which is trained on the PENet data, has

the lowest error for the MAE and the pixel threshold errors.

Figure 4.40: This graph shows the MAE of the fused method trained on the PENet data in blue compared with
the fused method trained on the LiDAR data without depth completion in orange. The graph plots all the scenes
sorted by the method without training on PENet data.
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Figure 4.41: This graph shows the same data as Figure 4.40, but it has been sorted by the method that has been
trained using the PENet data

To further visualise the results, the retraining graph plots for the error in each scene are displayed. To generate

this graph, the MAE was recorded for each scene, computed for both the presented method without retraining and

the presented method with retraining, as follows:

S = {(rn, pn) | n ∈ {1, 2, . . . , N}} (4.13)

where rn is the MAE of the method with retraining at scene n and pn is the MAE of the method without retraining

at scene n.

The MAE has variation between the scenes, so to display this data in a graph, it needs to be sorted by error. For

the best comparison, this is done for both the presented method without retraining and the presented method with

retraining, so the same error data is shown in two separate graphs.
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To do this set S is then sorted by both rn and pn to obtain:

Lr = sort({rn | (rn, pn) ∈ S}, ascending) (4.14)

Lp = sort({pn | (rn, pn) ∈ S}, ascending) (4.15)

The lists are plotted as two graphs, where Figure 4.40 shows the list Lp plotted and Figure 4.41 shows the list Lr

plotted. These graphs both show the same data, with the difference being which method’s error they were sorted

by. From these graphs, it can be seen that the presented method with retraining has consistently lower error than

the presented method without retraining.

Figure 4.42: A 3D view of the scene with the best improvement in performance of the MAE.

Figure 4.43: A 3D view of the scene with the least improvement in performance of the MAE.

These images (Figure 4.42, 4.43) show the method without training using the PENet data on the left and the

method trained using the PENet data on the right. Figure 4.42 shows the scene where the left result had the

greatest improvement in performance with the MAE. Figure 4.43 shows the scene with the lowest improvement in

performance.
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4.7 Conclusions

In this chapter, state-of-the-art computing disparity or depth maps using RGB and LiDAR data were reviewed. It

was found that the methods that used an RGB stereo and LiDAR data fusion approach were lagging in performance

behind the latest RGB stereo-only or LiDAR-only methods. This highlighted a gap that could be addressed in

developing a novel LiDAR stereo data fusion pipeline, which could leverage the strengths of the latest RGB stereo

only or LiDAR only methods by using the work done in Chapter 3 and applying it to this area.

The work done developing the data fusion pipeline covered first incorporating the LEAStereo method to get low

error disparity map estimates from the stereo data. Then the PENet method was applied to get low error disparity

map estimates from the LiDAR data. The pipeline was able to use the confidence fusion method from Chapter 3

to perform data fusion and produce lower error metric disparity map estimates than either of the inputs.

The results from the evaluation showed that the presented confidence fusion method, with just the LEAStereo

method and simple interpolation for the LiDAR data, was able to produce lower error in multiple error metrics,

such as the MAE and pixel threshold error, when the maximum fusion strategy was used. The error was further

reduced by improving the LiDAR data, where the PENet method was used instead of simple interpolation. The

data fusion pipeline presented, which used both the LEAStereo and PENet methods, showed a reduction in the

error metrics when compared with both the LEAStereo and PENet individually, which demonstrated the success

of the data fusion approach for this depth information. This pipeline can be used for providing lower error depth

map data to a full crack detection pipeline, which can use this data to make estimates about the presence of cracks

with lower error.
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Chapter 5

Crack Detection

The research aim is to develop methods to detect and analyse flaws such as cracks by using a multi-sensor fusion

approach. The previous chapters covered improving the quality of RGB image data and reducing errors in depth

data through data fusion methods. This chapter addresses the detection of flaws from RGB image data and depth

data. This will enable a crack detection pipeline that can use the data fusion methods from the previous chapters

to improve the input data used in the detection stage of the pipeline.

One common type of flaw is the presence of cracks on surfaces, which can significantly compromise the structural

integrity of the materials or components. This Chapter focuses on the development of a crack segmentation approach

that aims to identify and assess the significance of cracks based on their depth within the surface. The work done

in this Chapter resulted in a publication [174]. The method of segmentation is chosen for analysing cracks over the

other methods, such as detection or bounding box estimation, because it performs pixel-level estimation to give

more information about the shape of the crack than the other methods.

The approach chosen to determine whether a crack is significant is to analyse its depth. Deeper cracks are generally

more critical and require immediate attention to prevent potential failures. To estimate the depth of a crack solely

from observations of the surface, the relationship between the crack’s length and depth is utilised.
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5.1 Segmentation methods

Deep learning segmentation methods are used to extract the shape of cracks from images [89, 80, 88] by training

deep learning architectures such as convolutional neural networks (CNNs) or Vision transformers (ViTs). These can

be trained on labelled datasets containing images of cracked surfaces with manually annotated segmentation maps

that give a ground truth for training. These models can learn to distinguish crack patterns from the surrounding

surface by learning from the data. The resulting segmentation map provides a pixel-wise classification, indicating

the regions corresponding to cracks up to pixel-level accuracy.

Once the segmentation masks are obtained, further analysis can then be done to extract meaningful information

about the cracks. By drawing a path between the tips of the crack using the information from the segmentation

map, the length of the crack can be calculated to give an estimate of the depth of the crack.

To validate the effectiveness of the crack segmentation approach, both real-world datasets of concrete cracks and

synthetic segmentation maps are used. The use of real-world datasets ensures that the approach will work for

real-world scenarios. Synthetic data is also used to test for specific crack shapes to verify that the approach will

work for different shapes that are not included in the real-world data and can be used to inform the future direction

of the research.

Recent methods for crack segmentation include CNN architecture approaches such as an encoder-decoder [102, 103,

104] network architecture, as well as using the UNet architecture [105, 106, 107], which is a specific encoder-decoder

architecture that includes skip connections going directly from the earlier encoder layers to the later decoder at the

same resolutions. ViTs have also been used for crack segmentation [120, 121], showing state-of-the-art performance;

however, they require significant data and compute to train, as they lack the inductive bias present in the CNN

architecture.

5.1.1 Datasets

The crackseg9k dataset [175, 176] is used for training and evaluation of the crack segmentation methods in this

research. This dataset is selected as it is the largest, most diverse and consistent crack segmentation dataset

constructed so far, which provides a valuable resource for training and evaluating crack detection models. It
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consists of 9,159 available RGB crack images sourced from multiple open-source datasets, which encompass different

environments with different material surfaces and different lighting conditions, as well as covering various crack

types. The dataset is collected from the following 10 sub-datasets:

� Masonry: Cracks in masonry walls.

� CFD: Road surface cracks.

� CrackTree200: Pavement cracks.

� Volker: Cracks in walls and roads.

� DeepCrack: Cracks in roads and buildings.

� Ceramic: Cracks in ceramic building facades.

� SDNET2018: Non-crack images only.

� Rissbilder: Cracks in buildings.

� Crack500: Road cracks.

� GAPS384: Asphalt road cracks.

The images have all been resized to 400 × 400 pixels, and the ground truth images have been preprocessed. The

preprocessing is done as a data refinement process to reduce distortions and discontinuities in the ground truth

data, where morphological operations such as Gaussian blurring, erosion and dilation were used to improve the

ground truth data. The dataset has been split into 7,332 images for training and 1,827 images for testing, which is

a standard 80% train 20% test split.

5.1.2 Training a segmentation model

To compute segmentation masks for cracks in surfaces, various approaches were explored, which started by imple-

menting a deep learning model. The initial attempt was to train a model that could produce depth maps for crack

segmentation.

To guide the implementation, the method outlined in the paper titled “Downstream Semantic Segmentation Model

for Low-Level Surface Crack Detection” [101] was used for reference. This method was chosen due to its approach
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using an off-the-shelf neural network architecture, which has better availability and can speed up the development,

allowing the method to determine the crack significance by assessing the crack length using the segmentation results.

The model described in the paper used the DeepLabV3 [177], which is a state-of-the-art segmentation model using

ResNet-101 [157] as the backbone.

To train the model, the parameters started from a random initialisation and the crackseg9k dataset described in

Section 5.1.1 was used as the training data. During the training process, the methodology of the original paper was

followed. This involved using the binary focal loss and using data augmentation to further increase the dataset size.

This is done by using transformations such as random cropping, flipping and blurring, which will add additional

diversity to the training data.

After training the model, its performance was evaluated on the separate testing dataset split described in Sec-

tion 5.1.1. The trained model produced the results shown in Figure 5.1.
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Figure 5.1: The top row shows two examples of the input RGB crack images, the middle row shows the corresponding
ground truth segmentation maps, and the bottom row shows the estimated semantic maps by the network
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The trained segmentation model results shown in Figure 5.1 show limited performance. This is due to the complexity

of the cracks shown in the dataset, as well as the size and diversity. To overcome this, a larger model architecture

and more computing power would be needed, so the use of pre-trained crack segmentation models was explored to

improve the results in the subsequent stages of the research.

5.1.3 Using a pre-trained segmentation model

To overcome the limitations of training the presented crack segmentation model, which was constrained by compu-

tational resources, the utilisation of a pre-trained model that had been trained with greater computational resources

was explored. This approach allowed the leveraging of the increased training time used for the pre-trained model

to improve the accuracy of the crack segmentation task. For the research, a pre-trained model from the paper

titled “CrackFormer: Transformer Network for Fine-Grained Crack Detection” [121] was selected. This particular

model differs from traditional CNN models as it utilises a ViT architecture, which has demonstrated remarkable

performance in various computer vision tasks.

The pre-trained model, which was used, had been trained on three distinct datasets specifically focused on concrete

cracks. These were the CrackTree260 [178] dataset, the CrackLS315 [179] dataset and the Stone331 [104] dataset,

which consist of 260, 315 and 331 labelled images of cracks in concrete surfaces such as roads or walls, respectively.

The datasets were used to train a separate model for each dataset.

The pre-trained model was used to estimate segmentation maps from the input images, which were more accurate

since they had been trained with significantly greater computational resources.

5.1.4 Using segmentation maps to estimate crack depth

Having obtained segmentation maps from the pre-trained model, these maps were used to estimate the depth of a

crack. The relationship between the crack length and crack depth serves as a key factor in this estimation process.

To estimate the crack depth, a path between the crack tips is first plotted within the segmentation mask generated

by the pre-trained model. The path is plotted by collecting all points on the crack border defined by the crack mask.

For each of these points, the shortest path is found. Then the crack length is found as the longest of those possible

shortest paths. This works as a simple way to get an estimate of the length of the crack from the segmentation

mask, where the path represents the approximate trajectory of the crack within the surface.
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For a more detailed explanation of how it is computed, given B as the set of pixel coordinates on the boundary

between the crack and non-crack pixels, the length estimate is computed as follows:

P = {{pi, pj} ⊆ B | pi ̸= pj} (5.1)

p∗ = arg max
pi,j∈P

d∗M (pi,j) (5.2)

Where the shortest path finding function d∗(p) is computed on a pixel coordinate pair p = {pi, pj} to find the

shortest path between the points constrained by the crack mask M for the function dshortest,M (pi,j). This is

computed for all pixel coordinate pairs from P , which finds the shortest path p∗ between the most distant points

pi, pj corresponding to the crack tips.

By calculating the length of this path, an estimate of the crack length proportional to the scale of the image is

obtained. However, to convert this length into real-world measurements, the image scale needs to be calibrated

based on the known distance at which the image was taken. To determine the true length using these parameters,

3D projection is used, which was covered in previous sections. This would use the pose and camera parameters to

project the 2D path of the crack on the image into the real-world 3D coordinate space, and then the true length is

computed from the 3D path.

Figure 5.2: The top row shows three examples of RGB input crack images, and the bottom row shows the corre-
sponding estimated semantic maps from the pre-trained network with the crack path in red and the length calculated
relative to the pixels. The vertical and horizontal axes are labelled with the pixel scale.
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Figure 5.3: Four examples of the synthetically generated segmentation maps for a crack with the path shown as
a red line with the length calculated relative to the pixels. The vertical and horizontal axes are labelled with the
pixel scale.

To further explore the accuracy of the crack length measurement technique, a method for generating synthetic cracks

with random shapes was used, shown in Figure 5.3. This allowed the creation of segmentation maps specifically for

testing the measurement of crack length.

5.2 Synthetic data generation experiments

For the generation of the synthetic data, Blender [127] is used to produce realistic RGB image renders of 3D

environments that will be close to real-world data. The Blender Sensor Simulation Toolkit (BlenSor) [180] is used

to simulate the depth sensors by scanning the constructed 3D scene to produce realistic depth sensor data.
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5.2.1 Overview of process

For the process of generating the synthetic data, a similar method to the one used in [126] is followed to construct

the crack scene in Blender and then render the RGB images and the ground truth segmentation map. The same

scene is then created in BlenSor, where the depth data is simulated and then projected onto the same view as the

RGB image.

1. Generate Crack Map
Transform noise to depth map

2. Mesh Surface
Displace flat mesh nodes

3. Crack Textures
Apply random noise textures

Noise Map

Flat Mesh Plane

Random Noise

4. Render RGB & GT
Blender render engine

5. Simulate Depth
BlenSor reprojection

Random Cam-
era Views

Lighting &
Shadows

Saved Camera
Positions

RGB Image &
GT Segmentation Map

Depth Data
(Projected

Point Cloud)

Figure 5.4: Overview of the synthetic data generation pipeline: constructing the 3D scene, applying textures, and
branching to generate paired RGB/GT (Blender) and depth data (BlenSor)

As shown in Figure 5.4, to generate the crack scene, the following process is used:

1. Generate Crack map: First, a crack map is generated, which represents the depth of the crack from the

surface. This is done by transforming a noise map to get a crack pattern.

2. Mesh surface: The 3D geometry is generated using a mesh surface, which is later used for rendering the scene.

A flat mesh plane is initialised, and then the crack map is used to displace the mesh nodes to get the crack

geometry.

3. Crack textures: Textures are then generated using random noise and applied to the mesh to make the
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segmentation task more challenging.

4. Render RGB images and ground truth: Data diversity is further increased by adding randomised lighting and

shadows to mimic real-world conditions, and then rendered from random camera views to get the final RGB

image and ground truth segmentation map.

5. Simulate depth data: The same process is then used to generate the same scene in BlenSor using the saved

camera positions to determine the view to use when simulating the depth sensor to capture the point cloud

and reproject it onto the view of the RGB image.

5.2.2 Crack map generation

The crack map is generated using the method from [126], which results in a 2D image of pixel values that represent

the depth of the crack from the surface plane, with a value of 0 for where there is no crack.

The first stage is to produce 2D noise maps that are realistic and natural-looking. To do this, OpenSimplex noise

[181] is used to create natural appearing noise textures. OpenSimplex noise was developed as an open algorithm

that is an improvement on Perlin noise [182], which suffered from directional artefacts and higher computational

cost. This improvement enables OpenSimplex noise to match real-world cracks more closely without the presence

of artefacts. The reduced computational cost will allow a larger synthetic dataset to be generated with a fixed

amount of compute.

The noise maps produced with OpenSimplex noise are then used to produce a more realistic noise map by imple-

menting Fractal Brownian Motion (fBm) using the noise, which adds the multi-scale irregularity found in natural

cracks. This is done by accumulating multiple layers of these OpenSimplex noise maps, referred to as octaves. For

each subsequent octave, the intensity is decreased by a multiplier referred to as persistence, and the frequency is

increased by a multiplier referred to as lacunarity.

The process is done by first scaling the pixel coordinates for the intended image so they are normalised to be

independent of that image resolution, which is done as follows:

ui =
i

Nx
· fx, vj =

j

Ny
· fy, for i = 0, 1, . . . , Nx − 1 and j = 0, 1, . . . , Ny − 1 (5.3)
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where fx, fy are the frequencies for x and y, Nx, Ny are the dimensions of the noise map.

Next, the noise map is generated using multiple octaves for all points i, j and takes the absolute values as follows:

Zi,j = |
O−1∑
k=0

(
N

(
ui · Lk, vj · Lk

)
· P k

)
| (5.4)

where N (x, y) is the simplex noise function, L is the lacunarity, P is the persistence and O is the number of octaves.

Next, a binary mask of the crack is obtained using a threshold on the absolute noise map as follows:

Mi,j =


1, if Zi,j < threshold

0, otherwise

(5.5)

Finally, the crack displacement is obtained using the mask and the absolute noise map as follows:

Di,j = Mi,j · |Zi,j − threshold| (5.6)

The noise map is transformed into the crack map by first taking absolute values, which will result in a valley-like

pattern. The values then need to be offset by the threshold and then flipped by taking the absolute values again,

to now get a mountain range-like pattern with the peaks being equal to the threshold. Then, anything less than 0

will be outside the crack and is set to 0 using a binary mask. The generated crack displacement map represents the

depth of the crack at each point, which is used for the geometry of the crack, and the binary crack mask is used

for the ground truth segmentation map. An example of this code can be seen in the linked Codebase [130].

5.2.3 Mesh generation

The 3D structure of the crack scene is represented using a mesh, specifically a quad mesh, which is a collection

of vertices, each with a 3D coordinate position. Each vertex has 4 edges connected to its 4 neighbouring vertices

to form a grid-like pattern. This mesh is initially a flat 2D plane; then, using the crack map, the mesh can be

displaced using the corresponding pixel values to determine how much to displace the vertices in the plane’s normal

direction.
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Figure 5.5: This shows how vertex points P1, P2 would be displaced by displacement values D1, D2 in the y-axis to
get the displaced mesh that represents the crack geometry

5.2.4 Texture generation

For rendering the mesh, a material is needed to inform how the light will interact with the surface when the light

paths are simulated. To create this material, different textures are created, which result in different rendering

interactions with the surface. A colour map texture is used to control the amount and wavelength of the light

reflected, resulting in a specific colour being rendered. A roughness map is used to control the simulated effect

of small surface bumps on the light reflection, which adds further detail to the synthetic data. A normal map is

used to control what the surface-normal direction should be when simulating the light reflection without needing

to adjust the mesh, allowing for even finer detail to be rendered.

These texture maps are procedurally generated to ensure that the model cannot overfit to a specific texture, making

it unable to generalise for unseen textures. The textures are generated with a combination of noise maps to add

complexity to the detection task, which will improve the ability of models trained on it to generalise to real-world

scenes.
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To generate the ground truth segmentation map, a separate material has to be generated that will inform the

render simulation to render white in locations inside the crack and black where it is outside the crack. This can be

done without simulating the light paths and instead using simple rasterised rendering, which improves the ground

truth accuracy as well as being faster to render. The crack segmentation texture just uses the crack mask that was

computed in the process of creating the crack map. The generation of an accurate segmentation map ground truth

is essential for the training of models on this dataset.

5.2.5 Scene lighting and rendering

To complete the render process, a light source is needed to generate the light rays that will be simulated and

interact with the material mesh and will reach the camera view to be rendered as an RGB image. The light sources

are randomised with their position and intensity to provide further diversity to the dataset. Additionally, the light

source is randomly blocked with a randomly generated texture mask that will obscure some of the light paths, which

allows models trained on this data to perform better in real-world scenarios where shadows are present. Finally,

the camera positions are randomised to view the crack from different angles.

The depth data is simulated using BlenSor to simulate a Time-of-flight (ToF) sensor. The mesh is constructed in

the BlenSor software using the same process. Then, the camera positions are used to determine the position for the

simulated ToF sensor, which is positioned slightly offset from the RGB camera view to simulate real-world setups

where the RGB and ToF sensors are side-by-side. The BlenSor software will generate a 3D point cloud, which is

a collection of 3D coordinates where the sensor has scanned the surface. These points are then projected onto the

RGB image using the projection matrices, using the camera intrinsics and camera extrinsics to determine where

the points will land on the image pixel space.

This is done as follows:

PW
i = [XW

i , Y W
i , ZW

i ]T , for all PW
i in {PW

1 , PW
2 , ..., PW

n } (5.7)

where PW
i is a point in the point cloud with n total points, having world coordinates XW

i , Y W
i , ZW

i in the world

space W .
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Next, the depth is found by transforming to the camera coordinates PC
i in the camera space C as follows:

PC
i =


XC

i

Y C
i

ZC
i

 = [R|t]



XW
i

Y W
i

ZW
i

1


(5.8a)

depthi = ZC
i (5.8b)

where [R|t] is the 3 × 4 extrinsic matrix containing the 3 × 3 rotation matrix R and the 3 × 1 translation matrix t.

This is used to multiply the 4 × 1 homogeneous world coordinates [XW
i , Y W

i , ZW
i , 1]T . The depth is then found as

just the ZC coordinate in the camera space.

The pixel coordinates are found as follows:

K =


fx s cx

0 fy cy

0 0 1

 (5.9a)


u′
i

v′i

wi

 = K


XC

i

Y C
i

ZC
i

 (5.9b)

u′
i =

ui

wi
, v′i =

vi
wi

(5.9c)

where K is the intrinsic matrix consisting of fx, fy (the focal lengths in the x and y directions), s (the skew

coefficient), and cx, cy (the principal points for the x and y coordinates).

This gives the pixel coordinates on the depth map u′
i, v

′
i (rounded to the nearest integer) and the depthi. This

results in a sparse depth map, where only a percentage of the pixels in the depth map have depth values and the

rest have no values, which can be represented as -1. If multiple depth values exist for the same pixel, the smallest

is chosen so that the depth map represents the distance to the closest surface.

This generates a full data sample with the RGB and sparse depth map inputs as well as the ground truth segmen-
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tation map. This can be repeated to generate completely new, randomly generated data samples to construct a

large dataset.

Figure 5.6: The rendered RGB synthetic data images.

Figure 5.7: The ground truth synthetic data segmentation maps.

5.3 Segmentation methods with data fusion using a deep neural net-

work

The synthetic data was then used to train a state-of-the-art neural network architecture to predict the segmentation

map. The DeeplabV3 architecture [177] was chosen since it is easily available in the deep learning framework

PyTorch, as well as having state-of-the-art performance in segmentation tasks. The model was then trained on

the synthetic data as well as some real-world data, and then evaluated on some real-world data it did not see in

training.

The ResNet-50 backbone is chosen as it is shown to have similar performance to the larger ResNet-101 backbone
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while using significantly fewer computational resources. In Section 5.1.2, ResNet-101 backbone was used instead due

to the higher complexity and diversity of the crackseg9k dataset described in Section 5.1.1. However, this synthetic

dataset is simpler as it does not cover as many types of cracks and materials, so the smaller ResNet-50 backbone

is used to reduce the amount of computational resources needed to train the model. The pretrained DeeplabV3

model is not used to avoid performance instability due to the high-level natural images it is trained to segment,

compared to the low-level characteristics of the crack images.

5.3.1 DeeplabV3

The DeeplabV3 model is a deep convolutional neural network that improves on the DeepLab architecture, using

Atrous Convolutions to capture information from features at multiple scales, which allows it to segment effectively

at low-level image scale as well as high-level image scale. The network architecture is an encoder-decoder based

structure, with a backbone encoder to extract relevant features using a state-of-the-art image recognition model

such as ResNet [157] and a DeepLab head decoder that will take the features at multiple scales to output the

segmentation map.

ResNet-50

ResNet-50 is a deep convolutional neural network developed for image classification tasks, which uses residual

connections to allow the inputs to skip layers, allowing for the training of deeper architectures.

The architecture of ResNet-50 includes the following components:

� Initial Convolutional Layer: The network begins with a convolutional layer that will increase the input

dimensionality from the 3-channel input to output 64 channels using 64 convolutional filters. This first layer

also uses batch normalisation, a ReLu activation and a max pooling operation.

� Residual Blocks: The next 48 layers are from 16 residual blocks called bottleneck blocks, where each block is

composed of three convolutional layers with a skip connection to allow the next layer to get information from

the previous layer.

The structure of the 3 layers within each block is as follows:

– The first layer uses 1 × 1 filters to reduce the dimensionality.
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– The second layer uses 3 × 3 filters to process the features at a lower dimensionality.

– The third layer uses 1 × 1 filters to restore the dimensionality.

This bottleneck design allows the network to reduce the number of channels for the 3× 3 convolutional layer,

reducing the number of filters, which will reduce the network size with a smaller number of parameters. This

will decrease the computational cost of the forward pass. The convolutional layers are all followed by a batch

normalisation layer, and the ReLu activation function is used at the end of the bottleneck block. As the

network deepens, the spatial dimensions of the feature maps are reduced by using a stride of 2 in some of the

second convolutional layers of the bottleneck blocks to downsample the features by a factor of 2, as well as

increasing the number of channels by a factor of 2.

� Final Layer: The final 50th layer of ResNet-50 is a fully connected layer. However, for DeepLabV3, this layer

is ignored as it just takes the features with spatial information from the final convolution layer.

The ResNet-50 model has also been modified to limit the downsampling to only a reduction in the spatial dimensions

by a factor of 8, as well as removing the final fully connected layer. This is done to limit the loss of low-level detail

and allow for more accurate low-level segmentation.

DeepLabv3 Head

Next, DeepLabV3 takes the features output at the final convolution layer from the backbone and uses the next

model, which is the DeepLabV3 classifier head, to predict the segmentation map at the same resolution as the

input.

The forward process is as follows:

� Atrous Spatial Pyramid Pooling (ASPP): The first layer is split into 5 branches that utilise convolutional

layers with 4 different dilation rates to process information ranging from fine low-level details to larger high-

level details. The 5th branch uses adaptive average pooling to process global information from the feature

maps.

� Further Convolutional layers: The outputs from the ASPP branches are concatenated into a single tensor,

and then a 1 × 1 convolution layer is applied to process the features from different scales. Then, two more
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convolutional layers are used to generate the final output.

� Upsampling: The outputted segmentation map is still at the scaled-down resolution of the backbone feature

maps, so to get a segmentation map with the same spatial dimensions as the input image, bilinear upsampling

is used.

5.3.2 Training

To train the DeeplabV3 using RGBD data, the first layer is simply modified to have 4 channels, and the RGB and

depth images are concatenated to get a 4-channel image. The diversity of training data is further increased by using

data augmentation, colour jitter, flipping, rotation, resizing and cropping. Colour jitter is applied only to the RGB

image, and a brightness and contrast transform is applied to the depth image.

Loss function

The model is trained using the binary cross-entropy loss function, which is defined as follows:

BCE(x, y) = − 1

N

N∑
i=1

[yi log(xi) + (1 − yi) log(1 − xi)] (5.10)

where N is the batch size, x is the predicted output, and y is the ground truth labels, which are either 0 or 1. This

loss function requires the estimations to be between 0 and 1, since when x = 0 or x = 1, it would be undefined, so

the Sigmoid function was used to ensure estimations between 0 and 1. The Sigmoid function is defined as follows:

Sigmoid(x) =
1

1 + e−x
(5.11)

A batch size of 16 was used to train the model for 30 epochs using the Adam optimiser with a learning rate of

1 × 10−4.

Training data

The synthetic data generation process was used to generate 10,000 total data samples, which were then split into

8,000 samples for training and 2,000 for validation. The model was trained for 50 epochs on an NVIDIA RTX 2070

GPU.
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A real-world dataset [183] was also used, which consisted of road scenes featuring both cracks and potholes. The

synthetic generation method presented in this research is limited to only generating cracks due to the added

complexity of potholes, so only the data samples containing cracks are used for evaluation.

These scenes in the dataset were captured as videos using the Luxonis OAK-D camera, which records RGB videos

at a resolution of 1920×1080, and the depth information is captured as a disparity map at a resolution of 640×400.

Both are recorded at a frame rate of 15 frames per second. The disparity map is obtained by the camera using stereo

matching, and then some simple filtering is used to obtain disparity maps with some invalid pixels. The real-world

data contains ground truth masks, which were obtained using a semi-automatic labelling process. This process was

assisted by disparity maps and traditional computer vision algorithms. The dataset is split into a training and test

dataset to get 1,527 samples extracted from 66 videos for training and 721 samples extracted from 27 videos for

testing.

However, with the provided test-train split, there was some data contamination due to overlapping scenes where

the same crack scene had been captured from a different position. To ensure there was no data contamination,

SIFT keypoints [184] were computed to compare all the scenes and then group the videos so that there was no

overlap between groups. Then, a combination of groups was found to get a data split that resulted in 1,124 training

samples and 1,124 test samples.

To ensure consistency with real-world data and synthetic data, the disparity maps are converted into depth maps

and normalised to be between 0 and 1 for both the synthetic and real-world data.

To convert disparity values to depth, the provided camera parameters are used for the focal length f and the

horizontal distance between the stereo cameras, referred to as the baseline b. These are used to compute the depth

values Z as follows:

Z =
f ·B
d

(5.12)

The real-world data has different resolutions for the disparity and RGB images, so the disparity map is resized and

padded to make sure each pixel is aligned. The disparity map contains some invalid pixels from the filtering set

to -1, so nearest neighbour interpolation is used to avoid affecting neighbouring pixels. For training, the synthetic

and real-world training datasets are combined. The smaller real-world dataset is repeated N times, such that the
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real-world dataset is the largest size that is still smaller than the synthetic dataset size.

5.4 Results, discussions, conclusions

5.4.1 Results

To evaluate the segmentation map predicted by the model, the metrics Precision, Recall, Accuracy, F1-score, and

Intersection over Union (IoU) were used. The model produces a probability map where each pixel has a value

between 0 and 1, estimating the probability that the pixel is a crack. To evaluate the segmentation maps, a binary

segmentation map is needed, which is obtained by using some threshold between 0 and 1 as follows:

S(x, y)


1, if P (x, y) ≥ Threshold

0, otherwise

(5.13)

where S(x, y) is the binary segmentation map at pixel (x, y), P (x, y) is the probability map outputted by the

model. Depending on the threshold chosen, this can affect some of the metrics. A higher threshold results in

fewer positive estimations, leading to higher precision because it only predicts “true” for the pixels where it has

the highest confidence. However, this trades off recall, as it predicts “false” for more pixels and misses more pixels

that are “true” according to the ground truth. Conversely, a lower threshold would result in higher recall and lower

precision. The F1-score balances both of these measures, making it useful for determining the best threshold to

use.

To compute the metrics, first the confusion matrix is calculated to get the 4 following four values computed over

the entire test dataset:

� True Positives (TP): The number of pixels correctly classified as positive, so the model predicted true and

the ground truth was true.

� False Positives (FP): The number of pixels incorrectly classified as positive, so the model predicted true,

and the ground truth was false.

� True Negatives (TN): The number of pixels correctly classified as negative, so the model predicted false
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and the ground truth was false.

� False Negatives (FN): The number of pixels incorrectly classified as negative, so the model predicted false

and the ground truth was true.

Using these values, the metrics can be computed as follows:

� Accuracy: This measures the overall percentage of correct estimations, taking into account both positive and

negative classifications. The formula for accuracy is:

Accuracy =
TP + TN

TP + FP + TN + FN
(5.14)

� Precision: This is the accuracy of just the positive estimations made by the model. It is calculated using the

formula:

Precision =
TP

TP + FP
(5.15)

� Recall(also known as sensitivity): This is the accuracy of estimations on just the pixels that were true according

to the ground truth. It is calculated as:

Recall =
TP

TP + FN
(5.16)

� F1-score: This is the harmonic mean of precision and recall, providing a single measure that represents both

measures. It is calculated as:

F1-score = 2 × Precision × Recall

Precision + Recall
(5.17)

� Intersection over Union (IoU): This metric evaluates the overlap between the predicted and ground truth

masks. It is calculated as:

IoU =
TP

TP + FP + FN
(5.18)
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The accuracy measurement is affected by the imbalance between the number of crack and non-crack pixels. It would

show a higher-than-average accuracy if the model predicted all pixels as non-crack, given the larger proportion of

non-crack pixels compared to crack pixels. In contrast, the IoU metric is less affected by this imbalance because

it specifically considers the overlap between predicted crack pixels and ground truth crack pixels. Therefore, the

better metrics to evaluate the model are the F1-score and the IoU.

The presented model is then compared with other models from the SHREC contest [185], which were developed by

two teams as part of a contest on pothole and crack detection in roads and pavements. The competition involved

experimenting with different architectures and approaches to achieve the best performance on the provided dataset.

Each team was given a training set composed of both semantic segmentation image/mask pairs and an additional

RGB-D dataset.

Models submitted by Team 1: Team 1 use a loss function based on active contour theory to train the deep-

learning architectures MANet [186], UNet [79], and UNet++ [187]. These three architectures were trained with the

same approach to produce the three separate models.

Models submitted by Team 2: Team 2 use a variety of approaches to train the following models:

� SegFormer: A pretrained SegFormer [188] model was fine tuned on the data.

� DeepLabV3+: This was trained using the DeepLabV3+ [189] architecture and used pretrained EfficientNet

[190] as the backbone.

� MaskedSoftCPSDLUnet-Unet++: This model was trained using the UNet++[187] architecture and uses

an approach that improves on Cross Pseudo Supervision (CPS) [191], and it can use both the annotated and

non-annotated data for training.

� MaskedSoftCPSDLUnet-Deeplabv3+: This model was trained simultaneously with the previous model

as a part of the training approach and uses DeepLabV3+ [189] as the model architecture.

The models MaskedSoftCPSDLUnet-Unet++ and MaskedSoftCPSDLUnet-Deeplabv3+ were developed to be used

as an ensemble. However, implementing the full method was challenging, so the models were evaluated separately.

Baseline Model
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� Baseline-DeepLabV3+: This model, developed by the contest organisers, utilises the DeepLabV3+[189]

architecture with a ResNet-101 encoder [157].

Figure 5.8: The RGB images in the real dataset.

Figure 5.9: The ground truth segmentation maps.

Figure 5.10: The predicted segmentation maps by the presented model.
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Model name Accuracy IoU Precision Recall F1-score
MAnet 0.915 0.362 0.484 0.59 0.532
UNet 0.937 0.475 0.598 0.697 0.644

UNet++ 0.907 0.319 0.441 0.536 0.484
SegFormer 0.936 0.407 0.618 0.544 0.579

DeepLabV3+ 0.933 0.469 0.569 0.728 0.638
MaskedSoftCPSDLUnet-Unet++ 0.929 0.401 0.561 0.584 0.573

MaskedSoftCPSDLUnet-deeplabV3+ 0.924 0.423 0.527 0.682 0.594
Baseline-DeepLabV3+ 0.905 0.351 0.442 0.63 0.519

Presented Model RGB-D 0.96 0.605 0.758 0.75 0.754
Presented Model RGB 0.951 0.534 0.695 0.697 0.696

Table 5.1: The models compared by accuracy, IoU, precision, recall and F1-score. The best values for each column
are shown in bold.

Table 5.1 shows the models with the best result for each metric in bold. For each of the metrics, the “Presented Model

RGB-D” has the highest performance, followed by the “Presented Model RGB” as the second highest performance.

Compared to the existing models used for comparison, the “Presented Model RGB-D” had an improvement of

2.45% for accuracy, 27.37% for IoU, 22.65% for precision, 7.6% for recall and 17.08% for F1-Score, compared to the

next best model, which was UNet for accuracy, UNet for IoU, SegFormer for precision, UNet for recall and UNet

for F1-Score.
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Figure 5.11: The precision-recall curves for all the models on the test dataset with the F1-scores marked on the
graph. The F1-scores are also displayed in Table 5.1

Figure 5.11 shows the precision-recall curves generated by applying different thresholds to the probability map

output by the model, with thresholds ranging from 0.0 to 1.0 in increments of 0.01. These thresholds were used

to create binary segmentation maps, and the best threshold was selected as the one with the highest F1 score.
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The graph shows the presented model trained with just the synthetic data and tested on RGB only as “Presented

Model RGB” and tested with a combined dataset of the synthetic and real data using the full RGB-D data as

“Presented Model RGB-D”. The “Presented Model RGB-D”, trained with the combined dataset shown in light

blue, outperforms all the other methods, achieving the highest F1-score of 0.754, which is a 17.08% improvement

over the UNet model, which had an F1-score of 0.644, which was the highest out of the models used for comparison.

The “Presented Model RGB” trained with only the synthetic RGB data shown in light green also outperforms all

the other methods and achieves an F1-score of 0.696, which is an 8.07% improvement over the UNet model.

The models here relate to the previous chapters by using both RGB images and depth images as the inputs. This

connects to the work done in Chapter 3, where methods that improve RGB image quality with data fusion were

covered, and then Chapter 4 covered methods to fuse depth maps to reduce error. Together, this builds a full data

fusion pipeline for crack detection where the models covered in this chapter can take the outputs of the models

covered in the previous chapter to compute the detection of the crack shape.

5.4.2 Discussions

The method implemented in the research for crack segmentation using RGB-D data and synthetic data generation

significantly outperformed the other state-of-the-art methods when evaluated by IoU and F1 scores. The use of

depth maps, combined with RGB data, allowed for more accurate pixel-level segmentation by providing additional

information. The use of synthetic data was also demonstrated to be effective at accurately modelling real-world

data, as was shown in the results from the “Presented Model RGB”, which only used the synthetic data for training

and outperformed the other models. The improved performance is due to the larger dataset size for training using

synthetic data compared to the other methods, which were limited by smaller datasets of only real-world cracks.

The depth information combined with the RGB image gives more information for the model to use, which helps it

in image regions where it is hard to determine if a pixel is a crack from the RGB image alone.

The models used for comparison with the presented models in this research were provided with the trained param-

eters, which were trained on the real-world dataset, and none of them used the depth map data. This gives us a

direct comparison as to the improvement that both the synthetic and depth data contributed to when achieving

higher performance on the segmentation metrics. However, the research did not cover retraining the compared

models on the synthetic or depth data to determine how it would affect the different architectures and training
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methods to get a like-for-like comparison on those models, as they each used complex training methods and network

architectures, which require significant work to implement.

The results from this method covered the analysis of cracks by estimating a segmentation mask, which gives

information about the shape of a crack. This can then be analysed by estimating the length of the crack described

in Section 5.1.4. This length can then be used to determine which cracks are significant, as longer cracks are often

deeper and more severe.

The application areas for this are in infrastructure maintenance, where efficient and accurate detection of road

and pavement cracks or other structures, such as bridges, is essential for timely repairs and cost savings. The

segmentation maps produced can also provide further analysis of the cracks to determine the severity of a crack

and prioritise where action should be taken.

Future work could explore optimising data fusion techniques within the neural network to better use depth infor-

mation with improved network architectures that have been designed for RGB-D segmentation. Additionally, the

synthetic data generation process could be improved by increasing the data diversity with the modelling of more

complex surface geometry and more accurate materials, also using different modalities for synthetic depth maps in

addition to the ToF, such as LiDAR or Stereo depth maps. This would make the model trained from this data

more generalisable to variations in depth sensors with real-world RGB-D data.

5.4.3 Conclusion

A novel approach to crack segmentation is used, which has depth maps and RGB images with synthetic data used to

train a state-of-the-art deep learning architecture, DeeplabV3, which is modified to take the depth maps as inputs.

The implemented method is compared with state-of-the-art crack segmentation methods’ results on a real-world

dataset of road cracks and outperformed the other methods, achieving a 17.08% increase in F1-Score compared to

the next best model.
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Chapter 6

Conclusions and Future Work

The aim of this research was to develop a method for detecting flaws, which were chosen to be cracks in road surfaces.

Methods for multimodal imaging were assessed, and image fusion methods were worked on, where improvements

were made on existing methods. These methods would just improve the quality of RGB images but not create any

new analysis, so they would be used for capturing information representing the object that could contain a flaw, and

then analysis methods could be applied. Then this research was followed by looking at other modalities than mono

RGB with stereo RGB and LiDAR depth maps, and developed a method for combining state-of-the-art methods

for stereo and LiDAR to output a more accurate depth map than either of the input methods. Then the research

looked at the final stage to detect the flaw, focusing on cracks, and developed a novel method that could segment

cracks in road surfaces from the RGB image and depth maps. A synthetic dataset was generated to increase training

data due to limited real-world data availability. The generated data was required to be diverse and represent the

real-world data accurately, so various techniques were utilised, such as random variations in lighting and shadows.

Then the research demonstrated how these segmentation maps would be used to determine the severity of cracks

by measuring the crack length.

6.1 Image fusion

RGB sensors with image fusion methods were investigated that would fuse multiple 2D images captured of the same

scene into a single image of higher visual quality. Existing image fusion methods were implemented to later look at
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modifying the methods to find improvements.

One of the implemented methods was “Image Fusion with Guided Filtering” [11], which used guided filtering

[129] to identify high-quality information in the images for fusion. Another approach, “Infrared and Visible Image

Fusion using a Deep Learning Framework” [12], used a pre-trained deep learning model (VGG-19) [142] to generate

feature maps. These feature maps were then used to compute weight maps, assigning more weight to higher-quality

information within the images. These methods were then modified to make novel contributions.

To evaluate the effectiveness of the implementations of these methods, they were tested on datasets containing

multiple images of the same scene captured under different variations, such as exposure time [138], focal length

[131], and wavelength [139]. Using the implementations of the methods, the existing bi-level fusion approach was

modified by introducing a three-level fusion technique, which involved splitting each image into one base layer and

two detail layers.

To provide an objective evaluation, visual quality metrics were implemented, which utilised three input images: the

first two were the source images used by the fusion method, and the third was the resulting fused image. These

metrics included the QY metric [132], which used the structural similarity index measure (SSIM) [133] to compute

a score, the QC metric [134], which utilised the universal image quality index (UIQI) [135], the QG metric [136],

which measured edge information preservation, and the QMI metric, which utilised mutual information [137]. By

comparing the scores obtained from the original method using bi-level fusion and the proposed novel modified

method using three-level fusion, it was consistently observed that the proposed method achieved higher quality

scores across all metrics. The improvement shown in all the metrics implemented on all of the datasets tested

clearly demonstrates the superiority of the modified method compared to the original.

The research done on methods for 3D reconstruction helped inform this research on the relevant 3D methods for

fusion, since having an accurate 3D representation of objects that could contain a flaw will be necessary for accurate

detection. Techniques for computing 3D representations from multiple data sources were explored. These sources

included RGB cameras for stereo depth map computation [192, 22, 193, 194], as well as RGB and ToF (time of

flight) [18] sensors capable of capturing videos [31, 30, 34, 36, 33, 195, 196, 40, 41] that could be used to reconstruct

a 3D mesh of an object. Various 3D representations, such as voxels, surfels, and signed distance fields [13], were

also investigated as they could be converted into meshes [9].

138



The research specifically focused on fusing depth maps as the 3D representation with ToF and stereo RGB data

obtained from a setup composed of one ToF sensor and two RGB cameras. This approach connects to the methods

implemented for RGB image fusion since it uses the same image array data format for its inputs. A dataset was

essential to be able to research this area, so a synthetic dataset was used [128], consisting of two depth maps: one

computed from simulated stereo images and the other from a simulated ToF sensor, both projected onto the same

view as the stereo depth map. The synthetic dataset was generated by rendering 3D scenes in Blender, ensuring

accurate ground truth information derived from the 3D environment.

Initially, the image fusion methods that were previously used on ToF and RGB data were evaluated. Both the

guided filtering method and the deep learning fusion method were tested, with the evaluation done using the mean

absolute error (MAE) between the depth maps and the ground truth. However, the results showed that neither

of these methods demonstrated an increase in accuracy when applied to 3D data fusion. So a suitable method to

build from with “Stereo and ToF Data Fusion by Learning from Synthetic Data” [128] was implemented. This

method was used since it demonstrated a successful approach using 2 image modalities and fusing them to get a

more accurate image output, which was the task this research was focused on. This method used a convolutional

neural network (CNN) trained directly to generate fusion weight maps using synthetic data paired with ground

truth information. The results showed improved accuracy after fusion compared to the MAE obtained from either

input depth map.

Then, the implemented CNN method was modified by using filtering methods, with “Block Match 3D (BM3D)” [144]

and “Contrast Limited Adaptive Histogram Equalisation (CLAHE)” [143]. The evaluation of these modifications

showed that the BM3D method had the greatest improvement in accuracy, evaluated by the MAE. These methods

were evaluated by testing both the input depth maps and the output fused depth map to determine the best way

to apply the filtering methods, finding that applying them to the fused depth map after fusion achieved the best

results. The results for the novel modified method showed a significant improvement, evidenced by the reduction

in error. This was evaluated as the original method implemented compared with the presented novel modified

method, which incorporated filtering. The reduction in error was from using BM3D filtering on the depth map after

fusion. This resulted in improvements in both the mean squared error (MSE) and mean absolute error (MAE).

This improvement is due to the filtering methods reducing the noise in the measured values.
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6.2 RGB stereo and LiDAR

The work on RGB stereo and LiDAR gave a comparison of the state-of-the-art methods using the KITTI Depth

Completion dataset. This dataset is intended for the task of depth completion; however, it can also be used for fusion

methods by also using the 2 RGB stereo images as inputs. This dataset is used to see the accuracy and performance

of different fusion methods compared to methods specialised for one modality. A method was also developed that

used these state-of-the-art methods for one modality and combined the outputs to get a more accurate resulting

depth map.

The comparison of the state-of-the-art methods for RGB stereo and LiDAR data showed that the methods that just

focus on one modality, with either RGB stereo methods or LiDAR depth completion methods, have higher accuracy

compared to the RGB stereo and LiDAR fusion methods due to the single modality methods being more widely

researched. The presented model in this research addressed this by allowing existing state-of-the-art methods to be

fused by combining the output estimations.

While methods like VPN, CCVN, LiDARStereoNet, and LEAStereo performed well on the KITTI dataset, they

were limited by high memory usage. These methods, which rely on feature volumes, are more suitable for datasets

with lower resolutions. On the other hand, methods such as RAFT-Stereo and CREStereo exhibited computational

and memory efficiency due to their recurrent architectures. This makes them more viable for datasets with higher

resolution inputs, as they can handle the increased memory cost more efficiently.

Methods like PENet, SemAttNet, and DySPN, which rely solely on single RGB images, offer an advantage in

terms of memory cost. These methods can efficiently compute depth maps for higher-resolution inputs without

compromising on accuracy. This makes them particularly suitable for environments lacking texture, such as indoor

settings. However, due to the lack of stereo RGB images, it misses out on being able to estimate denser depth

values for highly textured areas since it relies on the sparse LiDAR depths to interpolate the missing values.

Feature matching-based approaches, such as LEAStereo, perform well in textured environments, making them

suitable for autonomous driving scenarios with diverse visual features. Whereas LiDAR-based methods, such as

PENet, SemAttNet, DySPN, VPN, CCVN, and LiDARStereoNet, performed better in texture-less areas where

visual information alone may be insufficient.
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For the presented method, the objective evaluation was done using mean absolute error (MAE), root mean squared

error (RMSE), and pixel threshold error metrics. These metrics give a comparison of the performance of estimated

disparity maps across different scenes. The results consistently showed that the resulting fused output of the data-

fusion method, which was the output disparity map, outperformed the inputs to the data-fusion method, which were

the input disparity maps. This improvement is evidenced by the reduction in the MAE metric, where the resulting

output of the method had a reduced error with the ground truth compared to the input. This demonstrated that

the fusion methods improved the performance of the depth estimation task by reducing errors.

The fusion method using max confidence values showed lower errors compared to the method that weighted the

disparity values. This shows that using the most confident values during fusion can lead to improved accuracy over

always using a weighted combination of both. However, LEAStereo generally achieved the lowest errors, except

for the 1-pixel threshold error. This showed that LEAStereo performs better than the fusion methods at reducing

the number of outliers that have a significant error, but was not as good with the larger number of inaccurate

estimations that are closer to the true value.

A visual evaluation was performed through pairwise comparisons, which showed that LEAStereo was better in terms

of visual quality. So, to improve the fused depth map accuracy, the input LiDAR depth map accuracy needed to

be improved. To enhance the accuracy of LiDAR depth maps, the PENet method was used before fusion with the

LEAStereo disparity maps. This approach resulted in improved accuracy, with a lower MAE in the fused depth

maps. This shows that using depth completion methods like PENet contributes to a more accurate fused depth

map due to having 2 input sources that were closer in accuracy.

6.3 Crack detection

To complete the research, it needed to look at flaw detection and the applications, so the research was decided

to focus on cracks specifically as the flaws to detect and analyse. This would do a simple analysis of the cracks

by using the surface crack shape to determine the significance of a crack, as the surface shape has been shown to

indicate the depth of the crack and predict future growth. The properties of the crack shape, such as the width or

length [197], have been shown to be correlated with the depth of the crack [198] or the growth of the crack, with the

length being modelled as directly infusing the stress intensity factor [199], which is used to predict future growth.
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To be able to get the shape of the crack, a segmentation map would need to be estimated first, which gives full

information about the surface shape. Then, using this crack segmentation map, specific shape properties can be

detected, such as the crack length, by having a line drawn from the crack points and measuring that line to get a

value for the crack length. This could be used with the calibrated camera parameters and distance to the surface

to give the exact length of the crack.

Initial experiments to demonstrate the method stages were done. First, a segmentation model was trained using the

method outlined in “Downstream Semantic Segmentation Model for Low-Level Surface Crack Detection.” [101].

The DeepLabV3 [177] architecture was trained from randomly initialised weights on the crackseg9k dataset [175],

which contains ground truth segmentation maps for training and evaluation. Then, a method was implemented

for testing that used a pre-trained model where it had been trained with more computational resources than was

accessable for this research with “CrackFormer: Transformer Network for Fine-Grained Crack Detection” [121],

which used a vision transformer (ViT) architecture which differs from the traditional convolutional neural network

(CNN) architecture that was trained, and this showed superior accuracy for segmentation.

The earlier research enabled this stage of research since crack segmentation methods could be looked at using

RGB-D data, where the depth map could be obtained from a fusion method, covered in the earlier stage of research

combining multiple sensor modalities, and then there would be further data fusion for the method to use both

the RGB image and depth map to generate the segmentation map. However, there was a lack of data availability

compared to the RGB-only crack data, with only small datasets publicly available for use [183], so to overcome this,

methods for synthetic data generation were worked on.

For synthetic data, a novel method was implemented, which used both Blender [127] and BlenSor [180] to generate

this large dataset of 10,000 data samples and further increase diversity through data augmentation. It was verified

that the synthetic data accurately represented the real-world cracks it was modelling by comparing it to other

state-of-the-art methods on the smaller real-world dataset. The results showed that the presented method, which

used the synthetic data for training, outperformed all the other methods when evaluated with both the IoU and

F1-score. This shows that the use of both the extra synthetic training data as well as the extra modality with

RGB-D data resulted in improved segmentation accuracy by using data fusion.
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6.4 Limitations and future directions

The presented work demonstrated the different stages of a method for analysing cracks in surfaces, where a crack

would be captured with RGB cameras and depth sensors. Next, the presented method from this research could be

used for combining state-of-the-art methods for RGB stereo and depth completion to get a highly accurate depth

map as the 3D representation of the scene. Then, using the RGB image with the modified image fusion method,

an RGB-D image of the scene was obtained, which is high-quality and low error. Then, the model trained with

synthetic data would use the RGB-D image to produce a segmentation map of the crack, which would then be used

to estimate the crack length and would be used to determine the severity of the crack.

Due to the limitations with the availability of data, the method in full could not be tested, so each stage had

to be tested separately. Future work would be to create a larger real-world dataset for the specific task of crack

segmentation with multiple sensor modalities used to capture the cracks and produce depth maps, which would

allow the full method to be verified and provide a direction for future research to improve upon each stage.

The method uses deep learning, which limits its application for other flaws, such as cracks in steel, since it would

need to be trained using relevant data on these flaws, as the cracks would have different characteristics compared

to the cracks in roads, which the presented method from this research used for the training data. Computational

resources are also a limitation for deep learning models, since although using the synthetic data generation method

could potentially generate unlimited data, computational resources were still needed to generate the data and train

the model, and it also limits the complexity of the model architecture, since models with more parameters would

need more computational resources to train.

Future research should aim to find improvements in the fusion method and the crack segmentation by producing

results with reduced error and increasing computational efficiency. Further improvements can be found with robust-

ness to challenging scenarios such as dynamic environments, diverse materials or difficult weather conditions, which

are important for creating a system that can be deployed in real-world conditions. Improvements can be found

by using newer, more advanced sensors that allow higher-quality input data to be used. Additionally, improve-

ments with computational efficiency, by reducing memory usage and speeding up the computation time, enable the

real-time deployment of the process in embedded systems.
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The research showed that data is crucial to finding these improvements. The success of the larger synthetic

dataset demonstrates that data quantity is essential. The common theme was that end-to-end deep learning models

consistently outperformed methods that rely on specific preprocessing or post-processing steps, as well as using

larger models and model architectures that scale better with more training data.

Therefore, this informs a future path for the research that involves creating a larger and higher-quality dataset that

will be the foundation for research in this task. The progress in sensor technology should be leveraged to do this

using newer sensor models and exploring data collection with integrated sensor units that simultaneously capture

with multiple modalities to simplify the calibration, improving the alignment of this data. Following this data,

improvements can be made to synthetic data generation using the real-world data for reference and validation.

More advanced synthetic data generation methods should be explored, such as using neural-generated data using

GANs [200] or Diffusion models [201] instead of just using software-based simulation. The data can also enable the

development of techniques that can better leverage the increased training data, such as end-to-end deep learning

methods that would directly estimate the depth values instead of using a weighted average or max confidence

approach. The data would also allow deep learning architectures that scale better with more data, such as the

transformer architecture [202].
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