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Abstract

Indoor Depth Map Completion via Mesh-based Discrete Geometric Processing

Zhenshan Liang

Depth measurement serves as a pivotal technology with widespread applications, but limitations

of commodity depth sensors often result in noisy and incomplete depth maps for indoor scenes. In

response, this study introduces a discrete geometric processing-based method aimed at enhanc-

ing the completeness of indoor depth maps, particularly in intricate and challenging scenes. The

proposed approach involves transforming raw depth maps into a quadrilateral mesh surface and ad-

dressing missing depth information through a mesh deformation framework. The mesh deformation

framework employs iterations to update constraints on quadrilateral facets until convergence, tack-

ling normal constraints, position constraints, and perspective projection constraints. This optimiza-

tion problem is resolved using a combination of local shaping and global fusing strategies. In the

local step, each quadrilateral facet is projected from the physical imaging plane into camera coor-

dinate system based on perspective projection, preserving only orientation information. The global

step then propagates location information through vertices shared by connected facets. Uncertain-

ties in input normal and observed depth information are addressed through updating strategies.

Experimental results on 30 selected examples from ScanNet dataset demonstrate the superiority of

the proposed method over two existing techniques quantitatively and qualitatively. Specifically, the

method excels in addressing depth discontinuity around object boundaries, producing clear discon-

nections, while competing methods exhibit errors and stretched distortions. Validating normal and

depth updating strategies, the paper confirms the effectiveness of processing depth discontinuity in

reducing completion errors. The robustness of the method is further affirmed by energy reductions

in both normal and position aspects across iterations.
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Chapter 1

Introduction

1.1 Scope of the Research Proposal

Depth measurement plays a pivotal role in a wide range of applications, including autonomous

driving, 3D scene reconstruction, augmented reality, and human-computer interaction [1]. These

applications have the potential to significantly advance smart manufacturing by integrating vision

systems and collaborative robots for Industry 4.0 [2]. Also, they can be divided into indoor and out-

door applications based on the objects being captured, and this work focuses on indoor depth mea-

surement, which always have smaller depth range, such as ScanNet [3], NYUv2 [4] and VOID [5],

compared to outdoor scenes. Furthermore, there are some differences in the processing of depth

values and the evaluation criteria between indoor scenes and outdoor scenes. Inverse depth repre-

sentations are used for mixing datasets [6] and real-time performance is more important for outdoor

autonomous driving [7].

The proliferation of readily available depth sensors has fueled the rapid growth of applica-

tions mentioned above, making their success contingent upon the accuracy and reliability of depth

sensors. Traditional depth sensors can be broadly categorized as passive and active. The passive

approach relies on rich and distinctive features in paired color (RGB) images to estimate depth for

corresponding points, but it tends to perform inadequately in regions with low texture or repetitive

patterns. On the other hand, the active approach, encompassing techniques like time-of-flight (ToF)

and structured light (SL), overcomes some of the limitations of stereovision by projecting structured
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patterns to discern the geometry of the scene. However, active methods may encounter challenges

such as non-Lambertian surfaces and inherent constraints [8]. Consequently, both sensor types often

yield noisy and incomplete depth maps, which are insufficient for accurate indoor 3D information

for localization and reconstruction. Therefore, the completion and refinement of raw depth maps

are essential to enhancing their utility.

Figure 1.1: Challenges in depth completion. The colors from the RGB image are assigned to the
corresponding points in the depth map.

In essence, depth completion is the process of generating a comprehensive and more precise

depth map from an initially incomplete or noisy depth map. Its primary objective is to fill the

void left by missing depth values and elevate the overall quality of the depth data. Depth comple-

tion methods encompass a range of techniques, including interpolation [9], machine learning [10],

graph-based optimization [11], and sensor data fusion [12], to estimate and augment the missing
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depth values. Sensor fusion, in particular, involves the integration of data from multiple sensors,

each possessing its own strengths and weaknesses, to enhance the depth map’s quality. This ap-

proach proves especially valuable when tackling intricate and challenging scenes. For instance,

depth (D) cameras contribute depth information, introducing an additional dimension to the data.

However, they may encounter difficulties in achieving precision, especially when dealing with

highly reflective surfaces. On the other hand, RGB cameras excel at capturing high-resolution

details, patterns, and textures on surfaces. Some work implicitly extracted features representation

by designing specific modules and networks [10, 13, 14, 15], while others explicitly extracted ge-

ometric information [16, 17, 18], e.g., detected edges and surface normal. These diverse sensors

provide complementary insights into the scene, and by leveraging their individual strengths, this

approach can yield a more resilient and accurate depth map.

Nevertheless, our study has unearthed certain nuances. Even in cases where dense reconstruc-

tions are derived from RGB-D data [3], often referred to as ”ground truth” in various papers,

certain areas still exhibit noise and mismatches when compared with RGB images. As shown in

Fig. 1.1, walls that should be flat have gaps and redundancies, while the point cloud calculated

from depth map with camera intrinsics does not semantically match the corresponding RGB images

well. Because the reconstruction methods proposed for these ”ground truth”, i.e. calibration pro-

cedure [19, 20], BundleFusion system [21], VoxelHashing [22] and some post-processing methods,

still have limitations and make the results inherently different from the real scenes. Therefore, the

poor quality of supervised depth maps affects the performance of data-driven methods. Even train-

ing with the data acquired in the virtual scenes [23], there is a theoretical difference between the

rendered data from virtual scene and the data captured from real scene. [24] focuses on generat-

ing high-quality ground truth depth for ScanNet, but aleatoric uncertainty still exists and should be

considered.

Besides, stretched regions that appears in some existing work [10, 17, 25] are caused by in-

sufficient depth discontinuity detection and pixel processing. Some work utilized Canny opera-

tor [16, 17, 26, 27] or Sobel filter [28, 29] to detect occlusion boundary and the pixels around bound-

aries were assigned weights [30] as depth discontinuity cues to generate clear structures. But these

detected boundaries were unstable and did not satisfy the definition of occlusion boundary [31].

3



Figure 1.2: It is ambiguous which side the annotated pixels belong to.

Although NYUv2-OC++ dataset used in SharpNet [32] and [33] provided manually annotated oc-

clusion boundaries and the annotation idea of RINDNet [34] was consistent with C0 discontinuity

used in our work, their annotated results were still ambiguous as shown in Fig. 1.2.

1.2 Objective

Therefore, there is a requirement for a more resilient approach capable of adeptly integrating

data from multiple sensors to effectively address the challenges mentioned above. We observed

that numerous previous efforts aimed at enhancing the depth maps, such as denoising and utilizing

surface normal [26], begin by comprehending the structure and form of objects and scenes. In

essence, these improvements are rooted in the geometric properties and relationships within the

data. Their limitations are that over-reliance on data statistics rather than actual objects’ spatial

relationships makes them have low interpretability and weak generalization ability. Consequently,

we propose applying a geometry-based approach for indoor depth completion to handle noise and

inconsistencies while also addressing depth discontinuities.

Our method is inherited from the existing geometric-based Surface-from-Gradients (SfG) method

[35], which considers an RGB-D image a quadrangle mesh surface and poses the depth recon-

struction problem as a constrained geometric optimization. This constrained geometric optimiza-

tion problem is formulated and solved using the Shape-Up method [36], a local-global geometric

processing method with shape constraints, whereas the shape constraints are formulated as local
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operators and the global geometries are obtained through iterative global solving. Shape-up has

demonstrated its supreme convergence and robustness in various applications, including support-

free design [37], 4D printing [38], soft robotics [39], non-planar slicing [40], etc. In the geometric-

based SfG method [35], the local operator shapes each mesh facet by enforcing the facet orientation

following the computed normal vector direction, which realizes the reconstruction of the surface

through a computed normal field.

Similar to the geometric-based SfG method [35], the essential step of our work is to formu-

late a local projection operator and proximity functions to effectively fuse depth and RGB data,

simultaneously enhancing the quality of the depth data for indoor depth completion. By mini-

mizing the proximity function, a shape that aligns with the specified constraints to the greatest

extent is obtained. In addition, depth confidence and surface normal uncertainty are converted into

spaces used for updating depth and updating normal respectively to guide the depth completion

process [10, 29, 41, 42, 43]. The updatable spaces corresponds to their geometric interpretation and

relates to the observed depth and surface normal estimated from RGB data.

1.3 Major Contributions

This paper focuses on the completion of indoor depth data obtained from RGB-D cameras.

Firstly, we leverage the raw depth map to establish depth constraints in the form of position oper-

ators. Given the inherent noise and uncertainty from the scanning process [29], we use the depth

confidence map, acquired from the depth sensors, to define a depth tolerance for each point, al-

lowing for a more accurate positioning within the operator. In regions where depth information is

absent, the maximum permissible tolerance is applied with an initial estimated position.

Secondly, we estimate the surface normals for each pixel using the RGB data [44] to create

orientation operators. This orientation information not only enhances depth accuracy but also aids

in completing areas with missing depth. Similar to the depth information, uncertainty exists in

the normal estimation, prompting the utilization of the corresponding confidence map to define a

tolerance for each facet of the pixel, enabling reorientation.

Furthermore, depth-discontinuity information is extracted from the RGB data [45]. To address
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this, facets are disconnected, enabling the system to optimize distinct surfaces separately. Lastly,

the proximity function is defined as a weighted sum of errors from both the position and orientation

operators in the camera space, employing the pinhole model. The contributions of this work can be

summarized as follows:

• The depth completion task is reformulated as a geometry processing problem, providing a

unified methodology for fusing complementary data and addressing the issues in indoor depth

completion concurrently.

• Recognizing the presence of data uncertainty, a geometric tolerance is incorporated into the

optimization framework for both position and orientation. This enhances the framework’s

denoising capacity and augments overall accuracy.

• Leveraging features derived from the RGB data, the framework untangles facets belonging to

different surfaces and trims the depth data accordingly. This enables the framework to adeptly

manage discontinuity and mismatching issues without alterations.

The experimental results indicate that the proposed method outperforms other two state-of-the-

art techniques [14, 17], which also leverages RGB data to improve the depth map. Our results

exhibit better qualitative performance and exhibit a higher degree of consistency with the RGB

data.

1.4 Outline of the thesis

The remainder of the paper is structured as follows: Section 2 provides an overview of related

works in the field of depth completion. Section 3 delves into the technical intricacies of the proposed

method. Section 4 presents our experimental results along with a detailed analysis. Finally, in

Section 5, we conclude by summarizing the proposed method and discussing potential directions

for future work.
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Chapter 2

Related Work

This study pertains to the field of depth completion, and we will examine related techniques

within this domain.

2.1 Sensor Data Fusion

Various sensors offer complementary depth information, enabling the creation of a more com-

prehensive and precise depth map through data integration. RGB images are a prevalent data source

in depth completion. Certain methods have introduced specific modules [13] and network architec-

tures [15] designed to extract transformed features from RGB images. The former proposed depth-

adaptive convolution kernel for super-resolution network to filter out the invalid depth values and the

sub-pixel operation [46] was applied in up-sampling layer, while the later extracted discriminative

features from blurry RGB image in different levels by the proposed repetitive hourglass network to

gradually guide depth completion. These methods model the depth distribution through loss func-

tions [47, 48, 49]. Additionally, surface normals can be estimated from RGB images, providing

geometric information for depth completion [16]. The proposed pipeline in [16] is a representative

to take advantage of the ability of surface normal to describe the local 3D space, and it proved that

surface normal and occlusion boundaries can improve the depth completion performance. Based

on [16], Huang et al. [17] have enhanced performance by incorporating a self-attention mechanism
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and boundary consistency. Self-attention mechanism forced networks pay more attention on crit-

ical features in high-dimensions, while boundary consistency preserves occlusion boundaries, and

the results showed that there was the significant improvement on evaluation metrics compared with

[16]. Ren et al. [18] extended this idea to depth structure completion, introducing surface normal

constraints on flat regions and reflecting depth structures through Gaussian weights. A significant

challenge lies in sensor alignment and calibration to ensure accurate fusion. The decoder modula-

tion branch [14] utilizes a missing depth map mask to exploit spatially-dependent features, reducing

domain shift between RGB images and depth maps through a technique known as spatially-adaptive

denormalization (SPADE). RigNet [15] extracts discriminative features from blurry RGB images at

different levels using the repetitive hourglass network and models high-frequency responses to gen-

erate clear structures near object boundaries. In the fusion process, some approaches incorporated

depth confidence for guidance during both training and inference [29, 41]. Wang et al. [10] intro-

duced a constraint network branch that assigns high confidence to accurate raw depth data. The

fused confidence map serves as a complementary guide for depth completion. Liu et al. [27] em-

ployed a confidence mask to reflect the reliability of depth obtained from Multiple-View Stereo

(MVS). They mitigated outliers by reducing their influence through weighted loss functions. Nev-

ertheless, data from different sensors may introduce varying errors [42], resulting in distinct uncer-

tainties and mismatching issues that necessitate further investigation.

2.2 Depth Spatial Propagation

By considering the interrelationships between neighboring pixels, one can disseminate depth

information across an image, thus completing the areas lacking depth data. Liu et al. [47] intro-

duced the spatial propagation network (SPN), which aimed to learn an affinity matrix for semantic

similarity. Cheng et al. [49] extended this approach to the convolutional spatial propagation net-

work (CSPN), which propagated information within a local area in all directions without sacrificing

theoretical support. Subsequently, they further refined the method with CSPN++ [50]. The context-

aware CSPN significantly improved depth completion accuracy by distinguishing between simple
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planes (e.g., ground and walls) and complex surface boundaries. The resource-aware CSPN opti-

mized kernel size and iterations for each pixel to reduce computational resources while maintaining

comparable accuracy. To efficiently incorporate relevant neighbors and suppress unrelated ones,

Park et al. [25] introduced learnable parameters that dynamically selected K neighbors for each

pixel based on the RGB image and raw depth map. Liu et al. [11] pioneered a more dynamic, graph-

based spatial propagation in 3D space. They utilized changeable graphs with estimated affinity

patches to propagate information effectively, employing a self-attention mechanism. DySPN [51]

further refined the spatial propagation model by generating different affinity matrices during itera-

tions to account for long-range dependencies. This approach also addressed over-smoothing issues

by considering the affinity matrix between the current refined result and the previous one. How-

ever, it’s worth noting that spatial propagation may not excel at handling discontinuities and can

sometimes result in stretched regions at the boundary.

2.3 Depth Residual Learning

Assuming the accuracy of the observed depth, depth completion can be seen as a regression

problem, employing residual reconstruction mapping to estimate invalid depth [52]. The primary

characteristic of depth residual learning involves adding the interpolated dense depth map to the

output of the designed network through a global skip connection to calculate the completed depth

map. Liao et al. [53] expanded linear interpolation results from filtered laser scan readings along

the gravity direction to create a ”reference depth” map. Conversely, Chen et al. [54] and Hegde

et al. [28] utilized nearest neighbor interpolation for acquiring a dense depth map. Subsequently,

the resultant interpolated map was combined with RGB images as the input for the depth residual

network, encouraging the network to predict residual depth. However, the hand-crafted interpolation

kernels employed in these methods are data-independent and heuristic. To address these limitations,

Liu et al. [9] introduced differentiable kernel regression to fully exploit the image through end-to-

end learning. The interpolated dense depth map ensured a lower bound on the final results’ quality.

Nonetheless, most of these approaches considered rendered depth from mesh or inpainted depth as

ground truth, such as in ScanNet [3] and NYU Depth v2 [4]. Unfortunately, even the ground truth
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depth map includes noisy areas, missing depth regions, and mismatched parts compared to RGB

images [55]. Hence, our objective is to create a method that is not reliant on the training data.
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Chapter 3

Methodology

3.1 A Geometric-Processing-Based Method

We considered the depth completion problem a mesh deformation in geometric processing.

Similar to Xie et. al.’s work [35], the input depth image was converted into a mesh surface M , and at

each pixel, a quadrangular facet was constructed. We then generated a normal field, with each of the

facets having a normal vector associated with it. The computation of missing depth was formulated

as a constrained mesh deformation where the normal vector at each facet and the observed depth

information were constraints. Another constraint came from the pin-hole camera model, which

constrained the deformation of each facet to follow the perspective projection in the pin-hole model.

The details about the pin-hole camera model and the quadrilateral mesh representation of the depth

image are as follows.

3.1.1 Pin-hole Camera Model

We adopted the state-of-the-art pin-hole camera model [56] to realize the transformation of a

3D scene into a depth image. In the pin-hole model, a 3D point p with coordinates (x, y, z) in

the camera coordinate system was projected onto the physical imaging plane through a perspective

projection, resulting in a point p′ with coordinates (fxz , fyz ,−f) on the physical imaging plane,

where f was the focal length between the optical center o and the image plane as shown in Fig. 3.1.

In fact, the physical imaging plane was always placed in front of the optical center for convenience,
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Figure 3.1: The pin-hole model.

which was at the positive direction of the z axis and the coordinates of point p′ is (fxz , fyz , f). The

pixel coordinates (u, v) of p′ can be further obtained through the scaling α along u axis and β along

v axis, and the translation cx along u and cy along v, which can be represented as: u = αx′ + cx,

and v = βy′ + cy. The whole process can be rewritten into a matrix multiplication formation, as

follows: u
v

 =
1

z


fx 0 cx

0 fy cy

0 0 1



x

y

z

 =
1

z
Kp (1)

where fx = αf , fy = βf , and K was also defined as camera intrinsic matrix.

3.1.2 Quadrilateral Mesh Representation of Depth Image

For each pixel of the depth image with the pixel coordinates (i, j), a quadrilateral facet fi,j

was constructed with four vertices vi,j , vi+1,j , vi+1,j+1 and vi,j+1. Each vertex vi,j was initially

positioned on the physical imaging plane with the coordinates ( (i−0.5)−cx
α , (j−0.5)−cy

β ,f ) based on

the pin-hole camera model as shown in Fig. 3.2. The original depth image in the image space was

thus converted to a mesh surface M = (V, F,E) in Euclidean space, where V , F , and E represent

the sets of vertices, facets, and edges.
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Figure 3.2: Points on the physical imaging plane.

3.1.3 Formulation for Constrained Optimization

To complete the missing depth, the mesh surface M was deformed by moving each vertex vi,j

and therefore reshaping each facet fi,j to fulfill the target normal vector ni,j . At some facets, there

were observed depth values associated, which can be considered as spatial anchors to constrain

the deformation. The last constraint came from the pinhole camera model, which required that the

vertex did not move freely in space but only moved along the ray formed by the camera center o and

the vertex’s projection on the imaging plane (see Fig. 3.3). A straightforward formulation of this

Figure 3.3: Points in the camera coordinate system.

problem was to minimize the shape variation of M and enforced the normal, position, and pin-hole

13



projection constraints as follows:

min
{di,j}

E(M) s.t. n(fi,j) = ni,j ∀f ∈ F

d(f) = dob ∀f ∈ Fob

ov × ov′ = 0 ∀v ∈ V

(2)

where E(M) was a functional measuring the shape variation (and/or smoothness) of M , n(· · · )

returned the normal vector of a facet, d(· · · ) returned the depth value of a facet, and Fob was

the set of facets with observed depth values. The third constraint enforced that the movement

of each vertex of M during the deformation followed the pin-hole camera model’s perspective

projection by ensuring the vector ov (o was the camera center and v was the initial vertex on the

physical imaging plane) and the vector ov′ (v′ was the deformed vertex) were collinear. According

to existing research works [57, 58], directly solving this non-linear optimization suffered from slow

convergence and large distortions in the resultant shape. Moreover, the initial shape of M did not

satisfy the normal constraints at each facet, which made the convergence of the optimization even

more challenging. Therefore, we followed previous work [35] to solve the optimization problem in

an iterative local-global manner.

Figure 3.4: Overview of the local-global optimization.
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3.1.4 Local/Global Solution

We proposed a local-global optimization approach to iteratively compute the missing depth

information. Before starting the iteration, a normal field containing normal vectors associated with

each facet fi,j was computed from the RGB image. The mesh edges, which were at the boundary

of two regions with two discontinuous depths, were detected and utilized to trim M . Another

initialization was a global Laplacian diffusion for generating initial depth values considered as initial

scale information at the facets with missing depth values.

In the proposed local-global optimization process, each facet was shaped locally according to

the three constraints, including normal, position, and pin-hole perspective projection constraints.

Afterward, global linear system solving would be performed to obtain the new shape of M by

computing the new position of each vertex. To address the potential uncertainties in the raw depth

and input surface normal, two simple and effective strategies were proposed to update depth and

normal respectively at each step. Please refer to Fig.3.4 for an overview.

3.2 Formulation and Implementation Details

3.2.1 Initialization

Normal Estimation from RGB Image

The surface normal at each facet was required as the input of our iterative depth completion

method. There were a variety of deep learning-empowered surface normal estimation methods [59,

60, 61, 62] with a single RGB image as input, some of which leverage the outstanding performance

of CNN [63, 64]. We chose a recent work [44] to estimate the surface normal since it achieved state-

of-the-art performance on the ScanNet dataset [3] as well as providing the estimation of aleatoric

uncertainty in the dataset as shown in Fig. 3.5. Furthermore, the maximum angle between the

estimated normal and corresponding ray direction was 80.475 degree after statistics. Therefore,

we did not need to consider the specific threshold for estimated normal to make sure there were

always intersections between the facet and the rays formed by the optical center and vertices on

the physical imaging plane. It proposed the angular von Mises-Fisher distribution to model the
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normal probability density function (PDF), and the derived cumulative probability of angular error is

utilized in our proposed update strategy. In our work, we utilized the pre-trained model on ScanNet

to estimate the surface normal. Also, the estimated normal was used for the other two works for

comparison in experiments. The concentration parameter κ predicted along with the surface normal

was taken as uncertainty for each facet. Based on each κ, we proposed an updating strategy for the

estimated normal, which would be detailed in Section 3.2.4.

Figure 3.5: Estimated normal maps and uncertainty maps.

Depth-discontinuity Edges Detection and Trimming

In a raw depth image, there were regions with quite distinct depths (e.g., different objects),

which indicated the discontinuity of the depth image. Existing methods considered the raw depth

image as a whole and therefore cannot handle the discontinuity well (see stretched regions shown in

Fig. 1.1). In our geometric processing-based method, we handled the discontinuity through a simple

topological process: the boundaries of discontinuous regions, which were edges of mesh surface M ,

were detected and the neighboring depths were trimmed. In the following computation for surface

mesh deformation, the neighboring facets with trimmed edges as boundaries would be decoupled.

Fig. 3.6, which was similar to [45]. Without considering rotation, there were five cases of depth-

discontinuity edges (DDEs) in Fig. 3.6, which was similar to [45]. With the recent advancement of

transformer-based large models [63, 64], the depth image can be robustly segmented into different

regions based on its RGB information, but in this work, the DDEs were manually detected on RGB
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Figure 3.6: Five cases of depth-discontinuity edges (DDEs).

images and annotated by different colors as shown in Fig. 3.7. Theoretically, up to four different

colors can represent all DDEs on an RGB image. Trimming neighboring depths on raw depth

maps was along the detected DDEs, and its main idea was that the depth values that were between

annotated DDEs or between annotated DDEs and invalid depths were deleted. Trimmed depth

images were shown in Fig. 3.7.

Figure 3.7: Detected DDEs and the trimmed raw depth maps.
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Initial Depth Generation Through Laplacian Diffusion

To start our iterative depth completion, the initial depth values of the depth-missing regions

were required to assist shape constraints. We simply applied the Laplacian mesh diffusion method,

which has been used in mesh hole filling [65], to generate initial depth values of depth missing

regions as shown in Fig. 3.8. For the mesh surface with trimming applied, we applied a global

Figure 3.8: Some examples of global Laplacian diffusion.

Laplacian diffusion by solving a linear equation system assembled according to the connectivity of

the mesh surface and the known depth values as the boundary conditions (See Fig. 3.9). In spite of

more sophisticated methods that could be applied and tested in the future, in our implementation,

we found that order-one Laplacian diffusion led to good results.

Figure 3.9: An illustration for global Laplacian diffusion with boundary conditions. The dotted
lines represent boundary conditions.

3.2.2 Locally Shaping Each Facet

For each facet fi,j , the vertices of a quadrangular facet fi,j were projected onto the plane with

the normal ni,j , where the plane was supposed to be passing through the current projected center,

ci,j , of fi,j . The projection of a vertex vk,l (k ∈ {i, i+ 1} and l ∈ {j, j + 1}) was along the vector
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(i.e. õv0
k,l formed by camera center o and the initial position of the vertex v0

k,l on the image plane

and normalized), which is obtained as

pi,j(vk,l) = ci,j + (
(ci,j − o) · ni,j

õv0
k,l · ni,j

)õv0
k,l (3)

A vertex vk,l of M surrounded by four facets would have four projected positions computed by

Eq.(3). Simply assigning vk,l to the average position of these four points did not lead to a good

result. A more sophisticated global-solving method was developed and presented below.

3.2.3 Globally Solving Depth Value

In the global step, following the previous work [35], the vertices of fi,j were desired to move to

their projections obtained in the local step, represented by a column vector as:

p(fi,j) =

[
pi,j(vi,j) pi,j(vi+1,j) pi,j(vi+1,j+1) pi,j(vi,j+1)

]T
(4)

The unknown depth values of fi,j’s four vertices can be represented as

z(fi,j) =

[
di,j di+1,j di+1,j+1 di,j+1

]T
(5)

The deformation of M was desirable to move the position of each vertex to its projected position in

each facet, which can be formulated to the following optimization problem:

Φn({dk,l}) =
∑
fi,j

∥z(fi,j)− p(fi,j)∥2 (6)

Similarly, to release the degree of freedom of translation in the [36], we subtracted the mean position

of the four vertices for both z(fi,j) and pi,j [35], and therefore, the formulation became

Φn({dk,l}) =
∑
fi,j

∥Nz(fi,j)−Np(fi,j)∥2 (7)
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with N = I4×4 − 1
41, and 1 was a 4 × 4 matrix with all elements equal to 1. Minimizing Eq.7

solely could lead to ambiguity since there were multiple solutions for the facets fulfilling normal

constraints under the perspective projection. Therefore, the observed depth information from the

raw depth image was utilized as positional constraints to eliminate scale ambiguity. These positional

constraints can be formulated as the following optimization problem:

Φo({dk,l}) =
∑

fi,j∈Fo

∥z(fi,j)− p(fi,j)∥2 (8)

where Fo was the set of facets with observed depth values from the raw depth image. The overall

objective function Φ can be obtained simply through the summation of Φn and Φo (i.e., Φ = Φn +

Φo).

Without loss of generality, the mesh surface M was assumed to have N vertices, M quadrangular

facets, and Mo facets with depth values observed. Minimizing Φ was straightforward by solving

a linear system of N equations: ∂Φ/∂dk,l = 0. Since both Φn and Φo were in quadratic forms, a

simpler formulation with a more efficient numerical scheme was developed below.

Φ({dk,l}) = Φn({dk,l}) + Φo({dk,l}) = ∥Anx− bn∥2 + ∥Aox− bo∥2 (9)

where An was a 4M × N matrix derived from Nz(fi,j), bn was a vector with 4M components

derived from Np(fi,j), Ao was a 4Mo × N matrix from z(fi,j) of those facets in the set Fo, bo

was a vector with 4Mo depth values obtained from the local projection p(fi,j), and the vector x

contained all the unknown depth values at the vertices of M . Finally, Φ({dk,l}) can be rewritten

as Φ({dk,l}) = ∥Ax − b∥2, with A =
[
An
Ao

]
, and b =

[
bn
bo

]
. This was a standard least-square

formulation, which can be solved by finding out the solution of ATAx = ATb, where A was a

4(M+Mo)× N matrix, and b was a vector with 4(M+Mo) values.

3.2.4 Uncertain-aware Updating Stragedies

In each iteration, the solved new depth values led to new positions of M ’s vertices. With these

new positions of vertices, the normal vectors associated with each facet would be updated. For
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a facet, its four vertices after deformation were generally not on the same plane. Therefore, a

plane was fitted based on the computed new positions of the four vertices using a Singular Value

Decomposition (SVD) to solve a least-squares problem. For details about the plane fitting from four

vertices, please refer to the state-of-the-art paper [66]. The depth value of each facet fi,j can be

computed by finding the intersection of the ray oc0i,j (formed by the camera center o and the center

point c0i,j of fi,j on the physical imaging plane) and the newly fitted plane.

Since the local shaping step relied on the normal and position constraints, an essential ques-

tion to ask was: should we update these constraints with the newly computed normal vectors and

depth values? The initial normal constraints were estimated from RGB images [44], and positional

constraints were from the observed depth values. Nevertheless, due to the limitations of their meth-

ods, the noise in the training dataset, and the instability of sensor performance, there were potential

uncertainties in the initial normal and positional inputs. These uncertainties could result in increas-

ingly larger errors in the depth of information throughout the iterations. Therefore, we proposed

two simple and effective strategies to constrain the trusted update ranges for normal vectors and

depth values based on the uncertainty modelings.

Normal Updating Strategy

The method we adopted to generate the initial normal input [44], provided the modeling of the

noise distribution existing in the ScanNet dataset it was trained on. Specifically, an angular von

Mises-Fisher distribution described the normal Probability Density Function (PDF) for each pixel

with pixel coordinates i, j:

pi,j(ni,j |µi,j , κi,j) =
(κ2i,j + 1) exp(−κi,j arccos(µ

T
i,jni,j))

2π(1 + exp(−κi,jπ))
, (10)

where µi,j was the estimated mean normal, κi,j was the concentration parameter estimated along

with the estimated normal, and ni,j was the ground truth normal. The larger κi was, the more

concentrated the PDF of ni,j was around µi,j . Accordingly, the cumulative probability, P, of
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angular error between ni,j and µi,j was derived as:

P(arccos(µT
i,jni,j) ≤ θi,j |µi,j , κi,j) =

∫ 2π

0

∫ θi,j

0
pi,j(ϕ) sinϕdϕdω

=
1− exp(−κi,jθi,j)(cos θi,j + κi,j sin θi,j)

1 + exp(−κi.jπ)
,

(11)

where θi,j was angular uncertainty between estimated normal µi,j and ground truth ni,j . With an

angle θi,j , there was a probability of P that the angle between µi,j and ni,j fell into the range

[0, θi,j ]. In principle, a larger P led to a larger θi,j , and vice versa.

We utilized Eq. 11 to constrain the normal updating. By setting up a P, an range [0, θi,j ] was

obtained. In each iteration, we calculated θi,j for each facet fi,j , and compared it with the angle

θ
′
i,j between the newly calculated normal vector and the initial normal estimated from RGB images.

If the θ
′
i,j was within [0, θi,j ], the newly calculated normal vector would be the new target normal

as the constraint in the next iteration. Otherwise, we rotated the initial normal towards the newly

generated normal by the angle θ
′
i,j , and updated the target normal for the next iteration with the

rotated normal.

Note that in principle, P for each facet could be different, but we decided to choose the same

value for all facets. In the next section, we would present the experiment about how we decide the

value of P. In the future, more sophisticated methods to determine P could be explored.

Depth Updating Strategy

The uncertainty of depth came mainly from the depth sensor’s measurement precision and work-

ing range. Since we tested our method on the ScanNet dataset, the camera information of the Struc-

ture Sensor used for ScanNet was of interest. Based on Structure Sensor’s fact sheet [67], the pre-

cision was 1% of the measured depth. Therefore, we can come up with a range of [0.99d̂ci , 1.01d̂
c
i ],

where d̂ci was the measured depth. For the facet with the observed depth, in each iteration, if the

newly computed depth fell into the range, we updated the depth value with the new depth value.

Otherwise, we need to project the new depth value to the range and updated the depth value with

either 0.99d̂ci or 1.01d̂ci . For facets without the observed depth, we updated the depth value to the

newly computed one freely, unless it is beyond the minimum and maximum depth. To be more
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specific, they were set to 0.1 meters and 10.0 meters respectively based on the prior knowledge of

the selected examples.
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Chapter 4

Results

4.1 Dataset and Benchmark

In this work, we evaluated the proposed method on 30 selected examples with distinct depth

values across different objects from ScanNet dataset. ScanNet provided raw RGB-D images, camera

intrinsics and extrinsic, and high-quality reconstructed mesh. For comparison experiments with

Huang et al.’s method [17] and Senushkin et al.’s method [14], the resolution of RGB-D images

and rendered depth was resized to 320×256, although our proposed method was theoretically not

affected by the resolution. Why were these two work chosen for comparison? At first, they were

designed for indoor scenes and formulated the depth completion tasks at the individual frame level

without considering temporary information [68]. Secondly, Huang et al.’s method [17] had the

similar idea to our work to utilize estimated surface normal and raw depth, while Senushkin et al.’s

method [14] was relatively new work and had competitive generalization capability on ScanNet.

Finally, we selected some examples from ScanNet rather than the whole dataset for testing and the

source code of these two work were available and easily to be implemented without modifying. To

make the comparison as fair as possible, we use the same normal map predicted from the trained

model of [44] as input for our work and the other two methods.
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4.2 Evaluation Metrics

For evaluating the depth completion results, there were five metrics used to compare the com-

pletion results with the rendered depth map. It should be noted that the rendered depth map still

has pixels without valid depth. Therefore, these pixels were discarded from both of completion

results and the rendered depth map during evaluation, and pix ∈ val was denoted as a pixel with

valid depth on the rendered depth map. Given rendered depth D∗ and completion result D, the first

metric was Root Mean Square Error (RMSE):

√
1

|val|
∑

pix∈val
∥D(pix)−D∗(pix)∥2 (12)

The second metric was Mean Absolute Error (MAE):

1

|val|
∑

pix∈val
∥D(pix)−D∗(pix)∥ (13)

The third metric was Absolute Relative Error (Abs. Rel):

1

|val|
∑

pix∈val

|D(pix)−D∗(pix)|
|D∗(pix)|

(14)

The forth metric was the percentage of pixels δi, within the relative error range er ∈ {1.05, 1.10, 1.25,

1.252, 1.253} and the counted pixels should satisfy the following inequality:

max(
D∗(pix)

D(pix)
,
D(pix)

D∗(pix)
) < er, pix ∈ val (15)

The fifth metric was the Structural Similarity Index Measure (SSIM) [69]. It was useful to measure

the structural similarity between two corresponding local areas centered in xi and yi on two images,

X and Y , respectively, and mean SSIM (MSSIM) was used to evaluate the overall image quality.

MSSIM(X,Y ) =
1

N

N−1∑
i=0

SSIM(xi, yi) (16)
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where N was the number of pixels on the image. Before evaluating depth completion with SSIM,

the invalid values of the rendered depth map were assigned to 0, and the same pixels of completion

results were assigned to 0 as well. According to [69], the definition of SSIM(xi, yi) was:

SSIM(xi, yi) =
(2µxiµyi + C1)(2σxiyi + C2)

(µ2
xi
+ µ2

yi + C1)(σ2
xi
+ σ2

yi + C2)
(17)

where, µxi and µyi were mean values of the local square window centered in xi and yi respectively,

and C1 = 0.012, C1 = 0.032. σxi and σyi were standard deviations:


σxi =

√√√√ 1

M− 1

M−1∑
j=0

(xj − µxi)
2

σyi =

√√√√ 1

M− 1

M−1∑
j=0

(yj − µyi)
2

(18)

where M was the number of pixels in the local square window, and xj and yj belonged to the

corresponding local square windows. In practice, the size of the square local window was 11×11,

and a Gaussian filter with a standard deviation of 1.5 samples was applied.

4.3 Implementation Details

The proposed method was implemented totally with Python, and the function, cholesky, was

imported from sksparse.cholmod package for large matrix factorization. The code ran on the Ubuntu

20.04 server equipped with AMD Ryzen Threadripper PRO 3955WX@4.3GHz and 128GB RAM.

The termination condition of the local-global iteration depended on the normal energy difference

En and depth energy difference Eo, where En measured the absolute difference of ∥Anx− bn∥2,

and Eo measured the absolute difference of ∥Aox− bo∥2, between the current (i+1) and previous

(i) iterations. When both Ed and En were less than or equal to 10−4 as shown below, the iteration
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terminated.


En =

∣∣∣∥Ai+1
n xi+1 − bi+1

n ∥2 − ∥Ai
nx

i − bi
n∥

2
∣∣∣ ≤ 10−4

Ed =
∣∣∣∥Ai+1

o xi+1 − bi+1
o ∥2 − ∥Ai

ox
i − bi

o∥
2
∣∣∣ ≤ 10−4

(19)

4.4 Performance

Methods RMSE↓ REL↓ MAE↓ δ1.05 ↑ δ1.10 ↑ δ1.251 ↑ δ1.252 ↑ δ1.253 ↑ SSIM↑

Huang [17] 0.1292 0.0183 0.0372 0.9298 0.9625 0.9853 0.9967 0.9989 0.9401
(0.3482) (0.1053) (0.2097) (0.4285) (0.6858) (0.8825) (0.9822) (0.9941) (0.9941)

Senushkin [14] 0.1289 0.0181 0.0339 0.9529 0.9666 0.9798 0.9882 0.9960 0.9457
(0.3581) (0.1129) (0.1888) (0.6127) (0.7054) (0.8159) (0.8834) (0.9589) (0.9905)

Ours 0.1233 0.0106 0.0227 0.9797 0.9859 0.9921 0.9963 0.9984 0.9573
(0.2687) (0.0338) (0.0707) (0.9164) (0.9350) (0.9660) (0.9837) (0.9916) (0.9965)

Table 4.1: Our method, Huang et al.’s [17] and Senushkin et al’s [14] were evaluated over all pixels,
and only the ones without observed depth values (values in the parenthesis), and the bold font
indicated the best one in a whole column.

We tested our method over the 30 selected depth images and measured the metric values for

1) all pixels and 2) only the ones without observed depth values (see the values in parenthesis in

Table. 4.1). The same set of tests was applied to Huang et al.’s [17] and Senushkin et al.’s [14] as

well, and the results are shown in Table. 4.1. From the results shown in Table. 4.1, our method out-

performed two other methods on most metrics. If we only considered those pixels without observed

depth, our method was even better. It was reasonable to pay more attention to the errors on pixels

without observed depth values instead of all pixels since pixels without observed depth values were

the target of the depth completion. Moreover, the average error over all pixels would dilute the error,

as those pixels with observed depth values had very low errors in general. Therefore, some results

from Huang et al. and Senushkin et al. showed low quality when visualized on the point cloud,

even with reasonable error values (see Figs. 4.1 and 4.2). Considering this, in our other results, we

only measured the errors over the pixels without observed depth values. Moreover, the results in

Table. 4.1 showed that our method had a particularly better performance compared with the other

two over the metric δ1.05, which measured the relative depth accuracy at a near distance.

We also visualized the depth images and the point clouds for a qualitative evaluation in Figs. 4.1
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Figure 4.1: Qualitative results of the depth map.

and 4.2. From the depth images, our method successfully generated the missing depth values and

preserved the clear, sharp boundaries between different objects. The main reason was that we explic-

itly consider the discontinuity of depth across different objects and processed it through mesh-based

geometric processing with topological modification. Huang et al.’s and Senushkin et al’s methods

cannot handle the depth discontinuity well and introduced large errors around the boundaries, as

shown in the depth images (see Fig. 4.1). The point clouds further indicated the stretched distor-

tions around the boundaries between distinct objects (shown in Fig. 4.2).

For reducing the impact of manually detected depth-discontinuity edges in our work and thus

having fairer comparison, Fig. 4.3 showed the depth completion results for some specific areas. The

first row and second row were the depth completion results at non-discontinuity areas, while the
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Figure 4.2: Qualitative results of the point cloud.

third and forth rows mainly reflected the noise or even error of rendered depth used as ground truth

in other work. The fifth row was to illustrate the mismatching issue existing in rendered depth and

other work. In our work, the topological modification based on RGB image and depth trimming

were essential to avoid mismatching issue.

To verify our depth and normal updating strategies, we set up an experiment with different

conditions. For updating depth, there were two strategies: updating the depth or not. For normal

updating, the key was to figure out the angular uncertainty θi,j , such that an updating range [0, θi,j ]
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Figure 4.3: Depth completion results for some specific areas.

was obtained. θi,j can be calculated using Eq. 11 by setting a cumulative probability P . Therefore,

what was the value of P was the essential question to answer. We uniformly sampled the value

range of P (i.e., [0, 1]) by 0.25 and calculated the updating range with these values (i.e., 0, 0.25,

0.5, and 0.75). By combining different conditions of depth updating and normal updating, we had

a total of eight cases. Table. 4.2 included all the results in different cases. The results indicated that

the combination of updating depth and P = 0.5 led to the smallest error, and therefore, this setup

was adopted in all our experiments.

One assumption of our method was that the depth discontinuity processed through a topological
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Depth P RMSE↓ REL↓ MAE↓ δ1.05 ↑ δ1.10 ↑ δ1.251 ↑ δ1.252 ↑ δ1.253 ↑ SSIM↑

0.75 0.2690 0.0344 0.0719 0.9133 0.9332 0.9660 0.9837 0.9916 0.9964
✓ 0.75 0.2689 0.0341 0.0713 0.9137 0.9333 0.9659 0.9837 0.9916 0.9964

0.5 0.2689 0.0344 0.0717 0.9132 0.9336 0.9660 0.9837 0.9916 0.9964
✓ 0.5 0.2687 0.0338 0.0707 0.9164 0.9350 0.9660 0.9837 0.9916 0.9965

0.25 0.2688 0.0343 0.0717 0.9130 0.9333 0.9660 0.9837 0.9916 0.9964
✓ 0.25 0.2689 0.0339 0.0709 0.9139 0.9344 0.9660 0.9837 0.9916 0.9965

0 0.2688 0.0344 0.0718 0.9115 0.9324 0.9657 0.9836 0.9916 0.9964
✓ 0 0.2691 0.0341 0.0711 0.9120 0.9328 0.9658 0.9837 0.9916 0.9964

Table 4.2: The quantitative evaluation of different conditions for normal and depth updating strate-
gies. Bold font indicated the best for the whole column.

modification and taken into account in the following optimization would reduce the errors, espe-

cially around the boundaries across different objects with very distinct depths. Therefore, we con-

ducted an experiment to validate this assumption. We applied our method to the same set of depth

images twice, with all other setups the same, but one with depth discontinuity processed and consid-

ered and one not. The results shown in Fig. 4.4 suggested that without discontinuity processed and

considered, the regions around boundaries had large errors and appear stretched distortions, which

validated our assumption.

Figure 4.4: Qualitative validation results for discontinuity.

Besides, both the position and normal energies of the first and last iterations for all 30 examples

were plotted (see Fig. 4.5). For all 30 tested examples, both position and normal energies had
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a reduction in the last iteration compared with the ones in the first iteration, which indicated the

robustness of our local-global optimization scheme.

(a) Normal Energy Changes

(b) Location Energy Changes

Figure 4.5: Energy Changes.

Although the proposed method paid more attention on depth completion accuracy, time con-

sumption was an important metric to evaluate the proposed method as well and was recorded in

Table. 4.3. ”Initialization” contained all steps that only need to be calculated once, such as gen-

erating the variables for depth discontinuity, processing raw depth map, checking the direction of

estimated normal and calculating prefactor matrix by cholesky, but the most of time was spent on

calculating angular error used in updating normal for each pixel because Eq. 11 was solved by

numerical method.
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”Local Step”, ”Global Step” and ”Updating Step” referred to the average time spent in an iter-

ation for each example. In each iteration, the reasons why ”Updating Step” needs more time were

using SVD to fit the new plane for all facets and performing direction checking on target normals

for next iteration, while ”Local Step” and ”Global Step” took much less time to generate projection

vector b and solved the matrix equation.

Currently, the proposed method was still far from achieving real-time performance, and parallel

computing would be helpful to further reduce time consumption.

Example Initialization Local Step Global Step Updating Step Iterations Total

01 110.02s 6.29s 0.47s 19.95s 065 1854.50s
02 109.90s 6.17s 0.56s 20.77s 102 2924.77s
03 111.23s 6.15s 0.61s 18.30s 051 1395.68s
04 110.55s 6.16s 0.68s 19.72s 045 1311.96s
05 109.13s 6.29s 0.59s 20.11s 068 1952.35s
06 108.94s 6.21s 0.55s 18.43s 060 1629.00s
07 108.26s 6.26s 0.59s 19.84s 083 2334.09s
08 110.98s 6.21s 0.47s 19.85s 085 2374.95s
09 111.59s 6.13s 0.50s 17.93s 031 0878.38s
10 109.72s 6.23s 0.25s 21.02s 097 2787.33s
11 107.78s 6.27s 0.56s 20.86s 087 2526.62s
12 109.82s 6.28s 0.51s 19.70s 055 1575.81s
13 106.40s 6.31s 0.40s 18.45s 060 1625.60s
14 108.60s 6.28s 0.50s 20.79s 099 2845.83s
15 107.45s 6.62s 0.47s 21.70s 042 1328.88s
16 107.27s 6.76s 0.52s 20.04s 056 1653.43s
17 109.57s 6.74s 0.66s 20.36s 051 1541.54s
18 110.01s 6.70s 0.43s 18.17s 047 1312.75s
19 110.05s 6.74s 0.28s 20.50s 060 1780.78s
20 111.55s 6.68s 0.47s 21.39s 041 1292.32s
21 109.60s 6.78s 0.18s 21.50s 035 1114.92s
22 112.47s 6.81s 0.35s 20.81s 076 2260.77s
23 110.10s 6.82s 0.58s 22.15s 073 2286.20s
24 111.62s 6.77s 0.50s 20.30s 074 2169.17s
25 109.65s 6.75s 0.28s 20.22s 071 2063.86s
26 109.33s 6.69s 0.30s 20.17s 067 1945.26s
27 110.07s 6.78s 0.49s 21.84s 087 2664.99s
28 111.51s 6.74s 0.37s 21.74s 059 1827.41s
29 110.47s 6.69s 0.34s 20.24s 060 1760.52s
30 118.16s 6.67s 0.44s 20.03s 088 2517.26s

Avg. 109.85s 6.50s 0.46s 20.23s 066 1779.79s

Table 4.3: Time consumption for selected examples. The index of examples was same as in Fig. 4.5,
and the units of time consumption were seconds(s). The last line recorded the average time spent
on each example.
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Chapter 5

Conclusion

We presented a depth image completion method based on discrete geometric processing. Our

proposed method first converted the input raw depth image to a quadrilateral mesh surface and then,

completed the missing depth information under a mesh deformation framework, with raw depth

information, a generated normal field [3], and the depth discontinuity information as input. This

mesh deformation framework processed the depth discontinuity through a topological modification

of the mesh surface.

An optimization question was formulated to fulfill the normal constraints, position constraints,

and perspective projection constraints from the pin-hole model and solved using a local shaping and

global solving strategy. We also considered the uncertainties in the input normal and observed depth

information and developed normal and depth updating strategies based on the geometric meaning

of uncertainties.

To tested our method, we conducted experiments on 30 examples from the ScanNet dataset, and

five different metrics were adopted to measure the results. The experimental results showed that

our method outperformed the two existing methods, Huang et al.’s [17] and Senushkin et al.’s [14]

both quantitatively and qualitatively. Especially, in the regions around boundaries across different

objects, our method appeared to have clear and sharp disconnections due to the explicit processing

and consideration of discontinuity, which provided a reliable and reasonable direction for future

research. In contrast, Huang et al.’s [17] and Senushkin et al.’s [14] cannot handle the discontinuity

well due to their design principles and processing methods for pixels around depth discontinuity.
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Thus, their results had large errors around the boundaries between different objects and appeared as

stretched regions.

We verified the normal and depth updating strategies and figured out that updating depth in each

iteration and setting the cumulative probability of angular error to be P , led to the smallest errors.

For facets with observed depth, the updatable depth range was related to the measurement precision,

while the minimum depth and maximum depth for facets without raw depth were set to 0.1m and

10m respectively according to prior knowledge.

This work also indicated the validity of our assumption that processing and considering depth

discontinuity would reduce the errors in depth completion through an experiment with two con-

ditions (with and without depth discontinuity). The explicit topological modification was more

beneficial than implicit processing by assigning weights to generate clear and sharp boundaries at

depth discontinuity.

Besides, we compared the initial normal and position energies in the first iteration and the ones

in the last iteration for all 30 examples. The results showed reductions for both energies over all

30 examples, which confirmed the robustness of our method and was essential for optimization

problem.

Also, we recorded the time consumption of each component of the proposed method to illustrate

that the current method was still far away from real-time performance. The efficiency bottleneck

was not solving large sparse matrices but other necessary steps, and parallel computing can further

reduce time consumption.

While our proposed method showed promising results, it was still in the preliminary stage. Our

current local shaping with normal constraints was still coupled with the observed depth from the raw

depth image. In principle, local shaping with normal constraints should be only related to the shape

of objects, not the position (the depth in this problem). The scale of the entire reconstruction scene

should be independent of the relative position of points within the scene. Moreover, there could be a

large error introduced if the observed depth has a large error, which affects the surrounding objects.

To address these problems, a new formulation for local shaping with normal constraints, which is

position-independent, is planned to be proposed.

Although we proposed strategies to handle the uncertainties in the raw depth and normal field,
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our strategies were still simple and did not consider the noise or even errors existing in the uncer-

tainties. Another question that has not yet been answered is: do the uncertainties in normal and

depth weigh the same? Because raw depth and normal field belongs to different domains, their

forms should be unified into a same framework for balancing their effects. More comprehensive

studies and more sophisticated methods are expected in future work.

Besides, discontinuity detection is still a precondition in the current proposed method, which is

worthy of further study to achieve automation. Different methods are expected to be explored, espe-

cially those with a semantic understanding of the objects or surfaces of the objects. This information

has the potential to further improve the depth completion result.

As for time efficiency, parallel computing and reserving memory in advance are from the per-

spective of code implementation. The acceleration at the algorithm level is required as well, such

as using analytical solutions to replace matrix calculations.

At the same time, we found that in datasets such as ScanNet, the rendered depth, which was

considered as the ground truth in many research works relying on ScanNet, presented a large error

or incompletion (see column (b) of Fig. 4.2). A dataset with a rendered depth of much higher quality

would be in demand from a long-term perspective.
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