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Abstract

Toward Practical Depth Estimation Based on Deep Learning

Depth estimation from images is a classic computer vision problem that has occupied re-
searchers for decades. Obtaining dense and accurate depth estimation is pivotal to effectively
address higher-level tasks in computer vision such as autonomous driving, 3D reconstruction,
and robotics. It can be carried out either employing active sensors (e.g., LIDAR, Time-of-Flight,
structured light) or from images acquired by standard cameras. The former sensors typically
provide only sparse depth measurements. Despite the tremendous progress of recent depth com-
pletion methods, the locality of the convolutional layer or graph model makes it hard for the
network to model the long-range relationship between pixels. Concerning the latter category,
recent end-to-end deep-learning-based models achieve unprecedented accuracy outperforming
by a large margin state-of-the-art methods based on conventional approaches. In particular,
self-supervised monocular depth estimation is an attractive solution that does not require hard-
to-source depth labels for training. These approaches replace supervised losses on depth labels
with supervisory signals derived from image reprojection across different views, by exploiting
the geometric relationship between frames, i.e., the scene depth itself and camera pose. How-
ever, view reconstruction based losses suffer from occlusions, dynamic objects, and photometric
changes, which severely limit the performance of the network. Furthermore, the precision of
relative pose across frames plays a crucial role in achieving accurate depth estimation. Un-
like monocular depth estimation, stereo matching, facilitated by the known baseline distance
between stereo cameras, eliminates the need for separate pose estimation and additionally fur-
nishes metric depth/disparity predictions. Nevertheless, contemporary stereo methods typically
handle each frame independently even though tens of thousands of stereo videos are publicly
accessible. Exploring how to effectively incorporate relevant cues from previous matching con-
texts to enhance both estimates and efficiency remains a current and active research focus.
Moreover, considering the limitations of physical fabrication, power consumption, and costs,
the resolution of depth maps (e.g., the depth from various sources such as monocular depth
estimation, stereo matching, or depth sensors) usually is often insufficient to fulfill the demand
of the most practical applications. Finally, globally consistent 3D reconstruction is another cru-
cial aspect to be considered when targeting downstream applications such as augmented/virtual
reality, and hence is desirable not only to infer reliable depth data but obtain high-fidelity 3D
reconstruction without compromising accuracy and real-time performance.

Therefore, with a focus on diverse depth estimation setups, this thesis addresses significant
challenges that impact methodologies for inferring depth from images or obtaining completed
depth from hardware sensors. The goal is to develop precise and efficient frameworks tailored
for accurate Simultaneous Localization And Mapping (SLAM) in challenging environments.
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Introduction

Scene depth estimation is a crucial component in computer vision, significantly enhancing
the perception and comprehension of real three-dimensional environments. This advancement
finds applications in various fields like robotic [[182], virtual/augmented reality [268]], and au-
tonomous driving [189]. Active depth estimation methods commonly leverage Lasers, struc-
tured light, and reflections on object surfaces to generate depth point clouds, intricate sur-
face models, and scene depth maps. While these approaches yield exceptional accuracy and
precision, they are hindered by notable limitations that impede their practical deployment in
real-world applications. For instance, LiIDAR sensors, employing one or more laser emitters
scanning the environment through mechanical rotation, may encounter challenges like mis-
alignment, missing laser returns due to absorbing or reflective surfaces, and issues related to
multi-pathing. Furthermore, the depth maps captured by other prevalent commercial depth
sensors (e.g., Microsoft Kinect [138]], Intel RealSense [90]) face similar issues. In challeng-
ing conditions such as transparent, shining, and dark surfaces, these sensors may exhibit highly
sparse depth maps, and even fail to provide measurements, exacerbating the limitations of active
depth estimation methods. To address these issues, depth completion, which targets completing
and reconstructing the whole depth map from sparse depth measurements and a corresponding
RGB image (i.e., RGBD), has gained much attention in the latest years. Since the correspond-
ing RGB images contain rich semantic cues that are critical for filling unknown depths, some
works [27, 28, [117,152] utilize the RGB information to guide depth completion, which directly
maps sparse depth maps to dense depth maps through massive stacked convolutional layers,
graph models, or pure Vision Transformer layers. In Chapter[2] we propose CompletionFormer,
a pyramidal architecture coupling CNN-based local features with Transformer-based global
representations for enhanced depth completion. It yields substantial improvements to depth
completion compared to state-of-the-art methods, especially when the provided depth is very
sparse, as often occurs in practical applications.

Another line of depth perception is inferring depth from single or multiple images directly.
Without relying on active sensors, image-based depth estimation has become the predominant
focus of research, providing a more practical and versatile solution applicable across a wide
range of applications. In particular, self-supervised/unsupervised monocular depth estimation,
which eliminates the need for ground truth during training, has attracted attention in recent
years. This approach replaces supervised losses on depth labels with supervisory signals derived
from image projection across different views, addressing a novel view synthesis problem. How-
ever, it introduces its own set of challenges. In addition to estimating depth, the model must also
gauge egomotion between temporal image pairs during training. This typically involves train-
ing a pose estimation network that takes a finite sequence of frames as input and outputs the
corresponding camera transformations. Furthermore, losses based on view reconstruction suf-



fer from occlusions, dynamic objects, and photometric changes, which significantly constrain
the network’s performance. In light of the recent successes achieved by Vision Transformer,
we propose MonoViT in Chapter 3, a brand-new framework combining the global reasoning
enabled by ViT models with local fine-grained details embedded by plain convolutions. As a
result, our model can reason locally and globally, yielding depth prediction at a higher level of
detail and accuracy, allowing MonoViT to achieve state-of-the-art performance on the several
public datasets [62} (177, 2535]].

Conversely, using stereo data for training makes the camera-pose estimation a one-time of-
fline calibration. Leveraging the known baseline distance between stereo cameras, stereo match-
ing processes two rectified images as input. It computes the disparity of nearly every pixel by
matching corresponding pixels along conjugate epipolar lines, facilitating metric depth estima-
tion through triangulation. This represents a significant advantage over unsupervised monocular
depth estimation approaches, which rely on multiple-frame visual odometry and encounter the
challenge of scale ambiguity. However, existing methods for depth from stereo treat different
stereo frames independently, leading to temporally inconsistent depth predictions. Temporal
consistency is especially important for immersive AR or VR scenarios, where flickering greatly
diminishes the user experience. We present TemporalStereo in Chapter[d] a coarse-to-fine stereo
matching network that is highly efficient, and able to effectively exploit the past geometry and
context information to boost matching accuracy. Our network leverages sparse cost volume and
proves to be effective when a single stereo pair is given. However, its peculiar ability to use
spatio-temporal information across stereo sequences allows TemporalStereo to alleviate prob-
lems such as occlusions and reflective regions while enjoying high efficiency also in this latter
case. Notably, our model — trained once with stereo videos — can run in both single-pair and
temporal modes seamlessly, allowing the deployment of the same model in both settings for
downstream applications.

However, due to the limitations of physical fabrication, power consumption and costs [[7],
the resolution of depth maps obtained by above methods usually is often insufficient to fulfill
the demand of the downstream applications [26, 60]. In contrast, collecting RGB images at
much higher resolution is cheaper. As a result, the guided depth super-resolution (GDSR) task
has emerged as a crucial solution to this technological limitation, allowing to obtain an accu-
rate high-resolution (HR) depth map from a low-resolution (LR) one, guided by an HR image.
Most existing GDSR algorithms are elaborately designed to exploit this piecewise smoothness
contained in the low resolution depth map and take full advantage of the guidance image. The
main challenge for state-of-the-art methods is still restoring precise and sharp edges near depth
discontinuities and fine structures. To alleviate this issue, we propose a novel multi-stage depth
super-resolution network in Chapter [5| which progressively reconstructs HR depth maps from
explicit and implicit high-frequency information. The shape bias and global context of the
transformer allow our model to focus on high-frequency details between objects, i.e., depth
discontinuities, rather than texture within objects. To incorporate the structural details, we de-
velop a fusion strategy that combines depth features and high-frequency information in the
multi-stage-scale framework. Exhaustive experiments on the main benchmarks show that our
approach establishes a new state-of-the-art.

Finally, moving forward, the last chapter (Chapter[6)) will develop a dense Simultaneous Lo-
calization And Mapping (SLAM), which showcases versatility by accommodating input depth
from various sources such as monocular depth estimation, stereo matching, depth sensors, or
even operating without explicit depth information. Notably, the proposed SLAM system based



on Neural Radiance Fields (NeRF) capable of predicting pose and constructing a waterproofed
3D mesh. This comprehensive approach extends the applicability of our research to a broader
range of scenarios and demonstrates promising outcomes in pushing the boundaries of depth
estimation for practical use.



Chapter 1
Related Work

In this chapter, a thorough review of the main works relevant to this thesis will be reported.

1.1 Depth Completion.

Scene depth completion has become a fundamental task in computer vision with the emergence
of active depth sensors. Recently, following the advance of deep learning, fully-convolutional
network has been the prototype architecture for current state-of-the-art on depth completion. Ma
et al. [[130, [131]] utilize a ResNet [[75] based encoder-decoder architecture, i.e., U-Net, within
either a supervised or self-supervised framework to predict the dense output. To preserve the ac-
curate measurements in the given sparse depth and also perform refinement over the final depth
map, CSPN [27]] appends a convolutional spatial propagation network (SPN [122]) at the end of
U-Net to refine its coarse prediction. Based on CSPN, learnable convolutional kernel sizes and
a number of iterations are proposed to improve the efficiency [28]], and the performance could
be further improved by using unfixed local neighbors [[152,250] and independent affinity matrix
for each iteration [117]. For all these SPN-based methods, while a larger context is observed
within recurrent processing, the performance is limited by the capacity of the convolutional U-
Net backbone. Accordingly, we strengthen the expressivity of the U-Net backbone with local
and global coherent context information, proving effective in improving performance.

Rather than depending on a single branch, multi-branch networks [80, (119, [144} 165, 203,
219|2774] are also adopted to perform multi-modal fusion. The common way to fuse the multi-
modal information is simple concatenation or element-wise summation operation. More so-
phisticated strategies like image-guided spatially-variant convolution [203) 252], channel-wise
canonical correlation analysis [289], neighbour attention mechanism [277] and attention-based
graph propagation [244, 286] were also proposed to enhance local information interaction and
fusion. Instead of pixel-wise operation or local fusion, recently, GuideFormer [[169] proposed
a dual-branch fully Transformer-based network to embed the RGB and depth input separately,
and an extra module is further designed to capture inter-modal dependencies. The indepen-
dent design for each input source leads to huge computation costs (near 2T FLOPs with the
352x 1216 input). In contrast, our CompletionFormer in one branch brings significant efficiency
(559.5G FLOPs), and the included convolutional attention layer complements the disadvantage
of a Transformer in local details.



1.2 Vision Transformer.

Transformers [103, [126] are first introduced in natural language processing [220], then also
showing great potential in the fields of image classification [45]], object detection [103, [126),
248| and semantic segmentation [242]. Tasks related to 3D vision have also benefited from
the enriched modeling capability of Transformer, such as stereo matching [[105, [110], super-
vised [111} [166] and unsupervised monocular depth estimation [284], optical flow [87, [196]
and also depth completion [[169]. Instead of relying on pure Vision Transformer [169], we
explore the combination of Transformer and convolution into one block for depth comple-
tion. Compared to the general backbone networks (e.g. ResNet [75] with fully CNN-based
design, Swin Transformer [[126] and PVT [230] based on pure Transformer, MPViT [103] and
CMT [/0] using both the convolutions and Vision Transformer), our proposed joint convolu-
tional attention and Transformer block achieves much higher efficiency and performance on
public benchmarks [[187, 217]].

1.3 Monocular Depth Estimation.

Estimating depth from a single image is a challenging, inherently ill-posed problem. Nonethe-
less, the many learning-based approaches aimed at addressing it [281]] enabled significant progress
in the field. As fully supervised techniques [[12} 55, [101} [118]] for depth estimation advanced
rapidly, the availability of precise depth labels in the real world became a major issue. Hence,
more recent self-supervised works provided alternatives to remove it, avoiding the need for
hard-to-source ground-truth depth annotations. This goal is feasible by casting the depth esti-
mation task as a view-synthesis problem between adjacent views, in space or time, of the same
observed scene. Precisely, training single-view depth estimation network with stereo images
(59, 163], monocular videos [293]], or a combination of both [64, 269]. The supervisory signal
based on the photometric difference between real and synthesized images enables training in a
self-supervised manner.

Although stereo pairs enable scale recovery, with further improvements achievable by lever-
aging noisy proxy labels [31} 214} 238]], guidance from visual odometry [2] or trinocular as-
sumptions [[159], unlabeled video sequences represent a more flexible alternative at the expense
of learning camera poses alongside depth. Several frameworks have advanced this line of re-
search by incorporating additional losses and constraints such as those based on direct visual
odometry [222], adversarial learning[282], ICP [132], normal consistency [259, 261]], seman-
tic segmentation (68, 99]] and uncertainty [160, [256]. Another notable example is given in [64]]
where the authors introduced a minimum reprojection loss between frames and an auto-masking
strategy to handle both occluded regions and static camera situations that violate the main con-
straints of the view-synthesis formulation and, as a consequence, cause poor network conver-
gence. Other works, instead, directly tackle highly complex scenarios [283] and model rigid and
non-rigid components present in the scene using the estimated depth, relative camera poses, and
optical flow in order to handle independent motions [24, 168, 215, 260, 264, 298] or by means
of scene decomposition [[174].



1.4 Architecture of Monocular Depth Networks.

Playing with different architectures used as backbone showed a significant impact on the per-
formance of monocular depth estimation itself. Yin et al. [264] replaced the VGG encoder
used by [293] with a ResNet. Guizilini et al. [67] designed a novel model, PackNet, to learn
detail-preserving compression and decompression of features by using 3D convolutions. Lyu
et al. [224] worked on the features decoding, implementing an attention module for multi-scale
feature fusion. Because of the limited receptive field of CNNs, the network performance still has
room for further improvement. To extract the long-range relationships between features, Yan et
al. [251]] propose a channel-wise attention-based network to aggregate discriminated features in
channel dimensions. Considering the ability of HRNet [224] at modeling multi-scale features,
Zhou et al. [292] introduced HRNet for self-supervised monocular depth estimation. Other
works, instead, focused on the design of efficient and fast networks suitable for low-powered
embedded devices [156, 158} [240]]. Despite the increased accuracy achieved by the above net-
works, the issue concerning long-range relationships persists [[112].

1.5 Single Pair Stereo Matching.

Traditional methods [79] employ handcrafted schemes to find local correspondences [[179,257]]
and approximate global optimization by exploiting spatial context [77]. Recent deep learning
strategies [161] adopt CNNs and can be broadly divided into two categories according to how
they build the cost volume. On the one hand, 2D networks follow DispNetC [135] employ-
ing a correlation-based cost volume and applying 2D convolutions to regress a disparity map.
Stacked refinement sub-networks [[113]] and multi-task learning [190, 253]] have been proposed
to improve the accuracy. GCNet [89] represents a milestone for 3D networks. Following works
improve its results thanks to spatial pyramid pooling [19], group-wise correlations [71], forcing
unimodal [38, 276] or bimodal [216] cost distributions. 3D methods usually outperform 2D
architecture by a large margin on popular benchmarks [61} (135} [136], paying more in terms of
computational requirement. In our TemporalStereo, we leverage 3D sparse cost volumes, and
the peculiar proposed architecture proves to be fast and accurate at disparity estimation.

1.6 Efficient Stereo Matching with Deep-Learning.

A popular strategy to decrease the runtime consists in performing computation at a single yet
small resolution (e.g., 1/4) and obtaining the final disparity through upsampling. CoEx [8]
adopts this strategy. Coarse-to-fine [5, 254]] design further improves efficiency, since the overall
computation is split into many stages. To further reduce the disparity search range for each
pixel, StereoNet [91] and AnyNet [233] add a constant offset to disparity maps produced in the
previous stage to avoid checking all the disparity candidates. However, as reported in [133]],
the constant offset strategy is not robust against large errors in initial disparity maps. Deep-
Pruner [46] prunes the search space using a differentiable variant of PatchMatch [9], obtaining
sparse cost volumes. In contrast, methods such as [133} [185]] employ uncertainty to evaluate
the outcome of previous stages and then build the current cost volume accordingly. However,
since the cost volume itself expresses the goodness of candidates (the better the candidates, the



more representative the cost volume), it could be used to check and eventually correct the can-
didates themselves. Nonetheless, previous methods in literature cannot exploit this cue since
their candidates come from the earlier level and are constant through the current stage. Con-
versely, in TemporalStereo, we propose inferring an offset for each disparity candidate from the
current aggregated cost volume, which helps to ameliorate the disparity. Moreover, to improve
network efficiency on high-resolution images, we perform the coarse-to-fine predictions only at
downsampled feature maps rather than at full image resolution like HITNet [207]].

1.7 Multiple Pairs Stereo Matching.

When two temporally adjacent stereo pairs are available, optical flow [[135, 210] or 3D scene
flow [213]] is often taken into account to link the images with the reconstructed 2D/3D motion
field. Then, the stereo problem is tackled by leveraging a multi-task model [1} 100, 234] or
by casting it as a special case of optical flow [120]. However, these methods are not able to
capitalize longer stereo sequences. Conversely, OpenStereoNet [288] adopts recurrent units
to capture temporal dynamics and correlations available in videos for unsupervised disparity
estimation. We argue that past information could be beneficial to understand the current scene
— especially in difficult areas — for free since past context and predictions can be cached easily,
although none of the above methods make use of them explicitly in videos by taking into account
geometry. On the contrary, TemporalStereo fully exploits this potential.

1.8 Depth Super-Resolution.

Initially, hand-craft models were developed for GDSR, using the edge co-occurrence between
the LR depth map and its HR color counterpart as prior. [98] first utilizes a joint bilateral filter,
taking guidance cues from color images. The so-called local methods followed this pivotal
work: [258]] enhances the LR depth maps by exploiting registered HR color images, [[170] uses
anti-alias image prefiltering built on the multi-stage joint bilateral filter, while graph-based joint
bilateral upsampling [232] casts GDSR as a regularization problem.

More accurate solutions, although slower, are represented by global methods. The first work
in this direction is [43], which employs Markov random fields (MRF) to integrate multi-modal
data for LR depth map upsampling. Using the non-local mean filtering method, [151] recovers
noisy LR images from a ToF camera to a high-quality image. To be more efficient, [S2] exploits
Total Generalized Variation (TGV) regularization for GDSR, enabling a high frame rate. [[108]]
uses fast global smoothing (FGS) to make guided depth interpolation more robust.

More recently, deep learning-based approaches [191,1197,1300] achieved remarkable results
and became the preferred choice for GDSR. [84] designs a multi-scale guided CNN using hier-
archical feature extraction to gradually restores blurred edges. To reconstruct sharp edges, the
works by [[107, [109] learn salient features from color images using an encoder-decoder struc-
ture. In contrast, [128]] casts GDSR as a pixel-to-pixel mapping from the HR RGB image to the
domain of the LR source image, learned by a multi-layer perceptron. In [262]], a multi-branch
network with progressive refinement performs adaptive information fusion to restore depth de-
tails. [237] can quickly upsample depth maps by learning Canny edges, while [301] proposes a
depth-guided affine transformation where the feature refinement is carried out iteratively. [204]



makes use of implicit neural interpolation, [92] develops a deformable kernel network whose
outputs are per-pixel kernels, and [287] proposes a Discrete Cosine Transform Network (DCT-
Net) to extract multi-modal features effectively. Through graph optimization, [40] combines
the advantages of model-driven and deep learning-based methods. Concurrent works exploit
recurrent structure attention [266] or combine deep learning with anisotropic diffusion [137].

Despite substantial advancements, these networks are not effective enough at extracting HF
guidance from RGB images. Inspired by [[124]], we tackles GDSR leveraging both explicit and
implicit HF features guidance.

1.9 Online 3D Reconstruction and SLAM.

Real-time, dense, and globally consistent 3D reconstruction is crucial in the SLAM litera-
ture. As a core element for high-quality reconstruction, the underlying representation can be
approximately categorized as depth point [13} 16} 136, 53, 142} 143}, 208, 211, 290], height
map [S6], surfel [183, 239] and volumetric representation [38) (145 [146]. Especially some of
them [16,136/ 138,142, |183]], make an effort for globally consistent reconstruction by implement-
ing global BA and LC systems. However, due to discrete and limited surface representations
(e.g., point-, surfel- or voxel-based), these methods suffer from the accumulation of errors in
camera tracking and distortion in the reconstruction. DROID-SLAM [211] achieves impressive
trajectory estimations by using neural networks to leverage richer context from images, yet it
performs global bundle adjustment only offline, at the end of camera tracking. However, for
some challenging cases, it gets hard to eliminate the drift error with offline refinement solely,
as shown in Fig.[6.1] pointing out the importance of online BA for on-the-fly drift correction.

1.10 NeRF-based Visual SLAM.

Neural implicit fields (NeRF) have recently emerged as one of the promising and widely ap-
plicable methods for 3D representation, opening up many new research opportunities including
novel view synthesis [10, [11} 54} 139, [140, 198, 227, 228, 272]], multi-view 3D reconstruc-
tion [18, 20, 200], and large-scale scene reconstruction [3, 106, 148, 225 265, 273, 299]. A
common requirement of these methods is the posed images. [114,263] tries to relax this con-
straint starting from imperfect camera poses on small objects. More recently, using neural
implicit representation in visual SLAM [33, 104, (173, 195, 295! 296] has achieved better scene
completeness, especially for unobserved regions, and it has also allowed for continuous 3D
modeling at arbitrary resolution. Two pioneer works, iMAP [195] and NICE-SLAM [293]],
extend the neural implicit representation to RGB-D SLAM system, which learns camera pose
tracking and room-scale mapping from scratch. Concurrent works [104, 296]], by removing the
reliance on depth sensor input, achieve visual SLAM when only RGB sequences are available.
Instead of naive pose optimization with NeRF, Orbeez-SLAM [33]] resorts to visual odometry
from ORB-SLAM?2 [142] for accurate pose estimation. However, the lack of many of the core
capabilities of modern SLAM systems, such as LC and global BA, inhibits the ability of these
methods to perform large-scale reconstructions. Concurrent to our work, NeRF-SLAM [173]]
integrates DROID-SLAM [211] for camera tracking. However, it also inherits its limitations,
i.e., the absence of online loop closing and full BA, which restricts its ability to perform globally



consistent 3D reconstruction.



Chapter 2

Depth Completion with Convolutions and
Vision Transformers

The content of this chapter has been presented at the IEEE Conference on Computer Vision and
Pattern Recognition (CVPR 2023) - “CompletionFormer: Depth Completion with Convolutions
and Vision Transformers” [279]].

2.1 Introduction

Active depth sensing has achieved significant gains in performance and demonstrated its utility
in numerous applications, such as autonomous driving and augmented reality. Although depth
maps captured by existing commercial depth sensors (e.g., Microsoft Kinect [138]], Intel Re-
alSense [90]) or depths points within the same scanning line of LiDAR sensors are dense, the
distance between valid/correct depth points could still be far owing to the sensor noise, challeng-
ing conditions such as transparent, shining, and dark surfaces, or the limited number of scanning
lines of LiDAR sensors. To address these issues, depth completion [28, (117, 152} [169], which
targets at completing and reconstructing the whole depth map from sparse depth measurements
and a corresponding RGB image (i.e., RGBD), has gained much attention in the latest years.
For depth completion, one key point is to get the depth affinity among neighboring pixels so
that reliable depth labels can be propagated to the surroundings [27, 28,80} 117,1152]. Based on
the fact that the given sparse depth could be highly sparse due to noise or even no measurement
being returned from the depth sensor, it requires depth completion methods to be capable of
1) detecting depth outliers by measuring the spatial relationship between pixels in both local
and global perspectives; 2) fusing valid depth values from close or even extremely far distance
points. All these properties ask the network for the potential to capture both local and global cor-
relations between pixels. Current depth completion networks collect context information with
the widely used convolution neural networks (CNNs) [27, 28, 180, [117} 152} 1165} 219, 294] or
graph neural network [244, 286]. However, both the convolutional layer and graph models can
only aggregate within a local region, e.g., square kernel in 3 x 3 for convolution and kNN-based
neighborhood for graph models [244) 286[], making it still tough to model global long-range
relationship, in particular within the shallowest layers of the architecture. Recently, Guide-
Former [169]] resorts fully Transformer-based architecture to enable global reasoning. Unfortu-
nately, since Vision Transformers project image patches into vectors through a single step, this
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(a) RGB (b) Pure CNNs (c) Pure Transformer (d) CompletionFormer

Figure 2.1: Comparison of attention maps of pure CNNs, Vision Transformer, and the
proposed CompletionFormer with joint CNNs and Transformer structure. The pixel high-
lighted with a yellow cross in RGB image (a) is the one we want to observe how the network
predicts it. Pure CNNs architecture (b) activates discriminative local regions (i.e., the region on
the fire extinguisher), whereas pure Transformer based models (c) activate globally yet fail on
local details. In contrast, our full CompletionFormer (d) can retain both the local details and

global context.

causes the loss of local details, resulting in ignoring local feature details in dense prediction
tasks [[157, 248]]. For depth completion, the limitations affecting pure CNNs or Transformer
based networks also manifest, as shown in Fig. 2.1] Despite any distance the reliable depth
points could be distributed at, exploring an elegant integration of these two distinct paradigms,
i.e., CNNs and Transformer, has not been studied for depth completion yet.

In this chapter, we propose CompletionFormer, a pyramidal architecture coupling CNN-
based local features with Transformer-based global representations for enhanced depth comple-
tion. Generally, there are two gaps we are facing: 1) the content gap between RGB and depth in-
put; 2) the semantic gap between convolution and Transformer. As for the multimodal input, we
propose embedding the RGB and depth information at the early network stage. Thus our Com-
pletionFormer can be implemented in an efficient single-branch architecture as shown in Fig.[2.2]
and multimodal information can be aggregated throughout the whole network. Considering the
integration of convolution and Transformer, previous work has explored from several different
perspectives [[70, 103} 1150, [157, 248]] on image classification and object detection. Although
state-of-the-art performance has been achieved on those tasks, high computation cost [[103]] or
inferior performance [70, [103]] are observed when these networks are directly adapted to depth
completion task. To promise the combination of self-attention and convolution still being ef-
ficient, and also effective, we embrace convolutional attention and Transformer into one block
and use it as the basic unit to construct our network in a multi-scale style. Specifically, the Trans-
former layer is inspired by Pyramid Vision Transformer [230], which adopts spatial-reduction
attention to make the Transformer layer much more lightweight. As for the convolution-related
part, the common option is to use plain convolutions such as Inverted Residual Block [175].
However, the huge semantic gap between convolution and the Transformer and the lost local
details by Transformer require the convolutional layers to increase its own capacity to compen-
sate for it. Following this rationale, we further introduce spatial and channel attention [241] to
enhance convolutions. As a result, without any extra module to bridge the content and semantic
gaps [103} 1157, [169], every convolution and Transformer layer in the proposed block can ac-
cess the local and global features. Hence, information exchange and fusion happen effectively
at every block of our network.

To summarize, our main contributions are as follows:
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Figure 2.2: CompletionFormer Architecture. Given the sparse depth and corresponding
RGB image, a U-Net backbone strengthened with JCAT block is used to perform the depth
and image information interaction at multiple scales. Features from different stages are fused
at full resolution and fed for initial prediction. Finally, a spatial propagation network (SPN) is

exploited for final refinement.

* We propose integrating Vision Transformer with convolutional attention layers into one
block for depth completion, enabling the network to possess both local and global recep-
tive fields for multi-modal information interaction and fusion. In particular, spatial and
channel attention are introduced to increase the capacity of convolutional layers.

 Taking the proposed Joint Convolutional Attention and Transformer (JCAT) block as the
basic unit, we introduce a single-branch network structure, i.e., CompletionFormer. This
elegant design leads to a comparable computation cost to current CNN-based methods
while presenting significantly higher efficiency when compared with pure Transformer
based methods.

* Our CompletionFormer yields substantial improvements to depth completion compared
to state-of-the-art methods, especially when the provided depth is very sparse, as often
occurs in practical applications.

2.2 Method

In practical applications, depth maps captured by sensors present various levels of sparsity and
noise. Our goal is to introduce both the local features and global context information into the
depth completion task so that it can gather reliable depth hints from any distance. The overall
diagram of our CompletionFormer is shown in Fig. After obtaining depth and RGB image
embedding, a backbone constructed by our JCAT block is used for feature extraction at multiple
scales and the decoder provides full-resolution features for initial depth prediction. Finally, for
the purpose of preserving accurate depth from the sparse input, we refine the initial estimation
with a spatial propagation network.
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Figure 2.3: Example of architecture with convolutions and Vision Transformer. (a) Multi-
Path Transformer Block of MPVIT [103]. (b) CMT Block of CMT-S [[/0]. (c) Our proposed
JCAT block which contains two parallel streams, i.e., convolutional attention and Transformer

layer respectively. (d) The variant of our proposed block with cascaded connection.

2.2.1 RGB and Depth Embedding

For depth completion, multimodal information fusion at an early stage has several advantages,
1) it makes the feature vector of each pixel possess both the RGB and depth information so
that pixels with invalid depth still have a chance to be corrected by reliable depth measurements
according to appearance similarity; 2) only one branch is required for the following network,
which enables much efficient implementation. Therefore, we firstly use two separate convolu-
tions to encode the input sparse depth map S and RGB image I. The outputs are concatenated
and further processed by another convolution layer to get the raw feature containing contents
from both sources.

2.2.2 Joint Convolutional Attention and Transformer Encoder

It has been extensively studied how to build connections between pixels to implement depth
propagation from reliable pixels while avoiding incorrect ones. Recently, convolution layer [27,
28, 180, 117, 1152, 1165, 219, 294] or attention based graph propagation [244, 286] has been
the dominant operation for this purpose. Although a fully Transformer-based network [169]
has also been adopted for this purpose, it shows worse results and much higher computational
cost compared to pure CNNs-based methods. Considering the complementary properties of
these two-style operations, an elegant integration of these two paradigms is highly demanded
for depth completion task. On the other hand, for classification and object detection tasks,
MPVIT [103] and CMT [70] are two representative state-of-the-art networks on the combination
of self-attention and convolution as shown in Fig. [2.3| (a) and (b) respectively. Generally, the



CompletionFormer ‘ #Layers ~ Params (M) FLOPs (G)

Tiny [2,2,2,2] 41.5 191.7
Small [3,3,6, 3] 78.3 231.8
Base (3,3, 18, 3] 142.4 301.9

Table 2.1: CompletionFormer Configurations. #Layers denotes the number of our JCAT
blocks in each stage. For all model variants, the channels of 4 stages are 64, 128, 320, 512,

respectively. FLOPs are measured using 480 x 640 input image.

integration can be implemented in a parallel or cascaded manner. Accordingly, inspired by
their design, within CompletionFormer, we propose a joint design as shown in Fig. 2.3](c) and
(d). To decrease computation overhead but also get highly accurate depth completion result,
our CompletionFormer only contains single rather than multiple time-consuming Transformer-
based paths as in MPViT [103]]. Furthermore, the representation power of convolution-based
path is enhanced with spatial and channel attention.

Specifically, our encoder has five stages, allowing feature representation at different scales
to communicate with each other effectively. In the first stage, to decrease the computation cost
and memory overhead introduced by the Transformer layer, we use a series of BasicBlocks
from ResNet34 [[75] to process and finally get downsampled feature map F; at half resolution.
For the next four stages, we introduce our proposed JCAT block as the basic unit for framework
design.

Basically, for each stage i € {2,3,4,5}, it consists of a patch embedding module and L;
repeated JCAT blocks. The patch embedding module firstly divides the feature map F;_; from
previous stage ¢ — 1 into patches with size 2 x 2. We implement it with a 3 X 3 convolution layer
and stride set to 2 as [230], so it actually halves resolution for features F;_; and thus allows
for obtaining a features pyramid { F, F3, Fy, F; }, whose resolutions are {1/4,1/8,1/16,1/32}
with respect to the input image. Furthermore, position embedding is also included in the em-
bedded patches and passed through the JCAT blocks.

Joint Convolutional Attention and Transformer Block. In overview, our JCAT block can
be organized in a parallel or cascaded manner as shown in Fig. [2.3|(c) and (d) respectively. The
Transformer layer is implemented in an efficient way as in Pyramid Vision Transformer [230],
which contains a spatial-reduction attention (SRA) layer with multi-head mechanism and a
feed-forward layer (FNN). Given input features F' € R7*WixC from the patch embedding
module or last joint block (with H; and W; height and width of features at stage 7, and C
number of channel), we firstly normalize it with layer normalization [4] (LN) and then flatten it
into vector tokens X € RV*¢ where N is the number of tokens and equals to H; x W, i.e., the
number of all pixels in the F'. Using learned linear transformations We WX and WV € RE*C,
tokens X are projected into corresponding query (), key K, and value vectors V € RV*¢, Here,
the spatial scale of K and V' is further reduced to decrease memory consumption, and then self-
attention is performed as:

QK"
Vv Chead

with Cjeqq the channel dimension of each attention head in SRA. According to Eq. (2.1), each
token in the entire input space F’is matched with any tokens, including itself. Our depth comple-

Attention(Q, K, V') = Softmax( WV, (2.1)



tion network benefits from the self-attention mechanism in two folds: 1) it extends the receptive
field of our network to the full image in each Transformer layer; 2) as we have embedded each
token with both depth and RGB image information, the self-attention mechanism explicitly
compare the similarity of each pixel not only by appearance but also by depth with dot-product
operation. Thus, reliable depth information can be broadcasted to the whole image, enabling to
correct erroneous pixels.

We boost the representation power of the convolutional path with channel and spatial atten-
tion [241]. On the one hand, it helps to model locally accurate attention and reduce noise. On
the other hand, due to the semantic gap between convolution and Transformer, the increased
modeling capacity by using the attention mechanism enables this path to focus on important
features provided by the Transformer layer while suppressing the unnecessary ones. Finally,
by concatenating the reshaped feature from the Transformer-based path, we fuse the two paths
with a 3 X 3 convolution and send it to the next block or stage.

Taking the proposed JCAT block as the basic unit, we build stages 2-5 with repeated con-
figurations. As reported in Tab. 2.1 we scale-up the 4 stages in CompletionFormer from tiny,
small to base scale. Our results demonstrate the superiority of JCAT design compared to recent
Vision Transformers [[103} 126, 230]] in depth completion task.

2.2.3 Decoder

In the decoder, outputs from each encoding layer are concatenated and further processed by the
corresponding decoding layers via skip connections. To accommodate diverse scale features
better, the features from previous decoder layer is upsampled to current scale with a deconvo-
lution layer and convolutional attention mechanism [241] is also exploited to strengthen feature
fusion in channel and spatial dimensions. Finally, the fused result from the decoder is con-
catenated with features from stage one and fed to the first convolution layer of the prediction
head. Its output is concatenated with the raw feature from RGB and depth embedding module
(Sec. and sent to another convolution, which is in charge of initial depth prediction D°.

2.2.4 SPN Refinement and Loss Function

Considering that the accurate depth values from the sparse input may not be well preserved
after going through U-Net [27, [80], spatial propagation network [122] has been a standard op-
eration for final refinement. Recent work [27, 28| 80, [152] mainly focuses on improving the
spatial propagation network from fixed-local to nonlocal propagation. While in our experi-
ments (Tab. 2.2), we observe that, with our enhanced U-Net backbone, the network is able to
provide good depth affinity and thus obtain almost the same accuracy with fixed-local [27, 28]]
or non-local [152] neighbours for spatial propagation. With regard to CSPN++ [28]] consumes
more computation cost, we adopt the non-local spatial propagation network [[152] (NLSPN) for
further refinement. Specifically, let D' = (d!,,) € R**" denotes the 2D depth map updated
by spatial propagation at step ¢, where de’U denotes the depth value at pixel (u,v), and H, W
denotes the height and width of the D! respectively. The propagation of dfw at step ¢ with its
non-local neighbors N is defined as follows:

dy = wio0,0)d + Y waalif)di (22)

(1,3) ENyY 5 i740,5 70



where w,, , (i, j) € (—1, 1) describes the affinity weight between the reference pixel at (u, v) and
its neighbor pixel at (¢, j) and wy,, (0,0) = 1=3"; o | is0 j20 Wu,o(4; j) stands for how much
the original depth df;l} will be preserved. Moreover, the affinity matrix w is also outputted by the
decoder and modulated by a predicted confidence map from decoder to prevent less confident
pixels from propagating into neighbors regardless of how large the affinity is. After K steps
spatial propagation, we get the final refined depth map D*.
Finally, following [152], a combined L, and L, loss is employed to supervise the network
training as follows:
L(D7Dgt):%Z(|Ev_Dgt|+|ﬁv_Dgt|2> ) (2.3)
veV
where D = D and V is the set of pixels with valid depth in ground truth D9, and |V'| denotes
the size of set V.

2.3 Experiments

2.3.1 Datasets

NYUv2 Dataset [187]: it consists of RGB and depth images captured by Microsoft Kinect [[138]
in 464 indoor scenes. Following the similar setting of previous depth completion methods [[152,
294], our method is trained on 50,000 images uniformly sampled from the training set and tested
on the 654 images from the official labeled test set for evaluation. For both training and test
sets, the original frames of size 640 x 480 are half down-sampled with bilinear interpolation
and then center-cropped to 304 x 228. The sparse input depth is generated by random sampling
from the dense ground truth.

KITTI Depth Completion (DC) Dataset [217]: it contains 86 898 training data, 1000
selected for validation, and 1000 for testing without ground truth. The original depth map
obtained by the Velodyne HDL-64e is sparse, covering about 5.9% pixels. The dense ground
truth is generated by collecting LiDAR scans from 11 consecutive temporal frames into one,
producing near 30% annotated pixels. These registered points are verified with the stereo image
pairs to eliminate noisy values. Since there is no LiDAR return at the top of the image, follow-
ing [152], input images are bottom center-cropped to 240 x 1216 for training, validation and
testing phases.

2.3.2 Implementation Details

We implement our model in PyTorch [154] on 4 NVIDIA 3 090 GPUs, using AdamW [127] as
optimizer with an initial learning rate of 0.001, 3; = 0.9, [ = 0.999, weight decay of 0.01.
The batch size per GPU is set to 3 and 12 on KITTI DC and NYUv2 datasets, respectively. On
the NYUv2 dataset, we train the model for 72 epochs and decay the learning rate by a factor of
0.5 at epochs 36, 48, 60, 72. For the KITTI DC dataset, the model is trained with 100 epochs,
and we reduce the learning rate by half at epochs 50, 60, 70, 80, 90. The supplementary material
outlines more details about network parameters.



RMSE| MAE] | Params.| FLOPs |

CompletionFormer
p (mm) (mm) M) G)
(B) wl/ parallel connection 90.0 35.0 82.6 429.6

(C) w/o Spatial and Channel Attention 91.1 35.5 \ 82.5 429.4

94.0 36.4 ‘ 161.0 661.4

(A) wl/ cascaded connection 91.5 35.7 82.6 429.6
(D) wl/ dual-branch encoders ‘

Backbone Attention Refinement | RMSE| MAE] | Params.| FLOPs |

Type Decoder  Iterations (mm) (mm) M) (G)
(E) ResNet34 [75] X 18 92.3 36.1 26.4 542.2
(F) ResNet34 [75] v 18 91.4 35.5 28.1 582.1
(G) Swin-Tiny [126] v 18 92.6 36.4 38.1 634.8
(H) PVT-Large [230] v 18 914 35.6 68.3 419.8
(D MPViT-Base [103] v 18 91.0 35.5 83.1 1259.3
J) CMT-Base [70] v 18 92.0 359 47.6 358.7
(K) Ours-Small v 18 90.1 35.2 82.6 439.1
(L) Ours-Small v 6 90.0 35.0 82.6 429.6
(M) Ours-Small v CSPN++ 90.3 34.9 82.7 446.4
(N)  Ours-Tiny v 6 90.9 353 45.8 389.4
(O) Ours-Base v 6 90.1 35.1 146.7 499.6

Table 2.2: Ablation study on NYU Depth v2 [187]. We ablate the settings of our network
in the following aspects: the backbone type, the convolutional attention mechanism in decoder

and the iterations of NLSPN Refinement module. FLOPs are measured with input resolution
480 x 640.

2.3.3 Evaluation Metrics

Following the KITTI benchmark and existing depth completion methods [152} 294], given the
prediction D and ground truth DY, we use the standard metrics for evaluation: (1) root mean
square error (RMSE); (2) mean absolute error (MAE); (3) root mean squared error of the inverse
depth GRMSE); (4) mean absolute error of the inverse depth (iIMAE); (5) mean absolute relative
error (REL).

2.3.4 Ablation Studies and Analysis

We assess the impact of the main components of our CompletionFormer on NYUv2 dataset [187].
Following previous methods [[117,152]], we randomly sample 500 depth pixels from the ground
truth depth map and input them along with the corresponding RGB image for network training.
Results are reported in Tab.

Cascaded vs Parallel Connection. We can notice that the cascaded design (A) shows
inferior performance compared to parallel style (B). This conclusion is also confirmed in (I) and
(J), as CMT-Base gets even worse RMSE (92.0) than MPViT-Base [103]] (91.0). It indicates the
parallel connection is more suitable for information interaction between streams with different



| SPN | ResNet34 | Swin-Tiny | PVT-Large | MPViT-Base | CMT-Base | Ours-Small
RMSE(mm)| X 106.5 106.5 106.7 100.2 108.4 99.2

4 91.4 92.6 91.4 91.0 92.0 90.0

Table 2.3: Ablation study without SPN module. We report the accuracy of different backbone
with/without SPN on NYUv2.

contents and semantics on depth completion task. Thus, we adopt parallel connection as our
final scheme.

Spatial and Channel Attention in JCAT block. Previous methods combine the Trans-
former with plain convolutions [70, 103} [150, [157]. Here, we also ablate the case when we
disable the spatial and channel attention at the convolutional path of our proposed JCAT block
(C). The drop in accuracy (RMSE increases from 90.0 to 91.1) confirms that increasing the
capacity of convolutions is vital when combining convolution with Vision Transformer, and it
only leads to negligible FLOPs increase (0.2G FLOPs).

Single- or Dual-branch Encoder. Similar to previous methods [169, 203], we test the
dual-branch architecture, which encodes the RGB and depth information separately (D). For
feature communication between two branches, we include the spatial and channel attention
mechanism [241] at the end of each stage in the encoder. However, the worse results compared
to our single-branch design (B) demonstrates that embedding the multimodal information at the
early stage is much more effective and efficient.

Comparisons with General Feature Backbones. In RMSE, our novel CompletionFormer
in small scale (K) outperforms pure CNNs based method (F) and those pure Transformer-based
variants (G, H) counting comparable FLOPs with respect to our model. In particular, com-
pared to the recent MPViT-Base [103] (I) and CMT-Base [[70] (J) which also integrate CNNs
and Transformer for feature extraction, our network achieves higher accuracy and much lower
computational overhead (429.6G FLOPs) than MPViT-Base (1259.3G FLOPS).

Decoder. Compared to our baseline (E), i.e., NLSPN [152]], introducing spatial and channel
attention for multiscale feature fusion in the decoder (F) further improves the results, RMSE
drops from 92.3 to 91.4.

SPN Refinement Iterations. Our network (L) requires as few as 6 iterations for SPN re-
finement to converge to the best result. Compared to baseline (E) which requires 18 iterations,
our enhanced U-Net has collected information from the whole image and thus doesn’t need lots
of iterations to propagate to long distance. Even when the non-local refinement in NLSPN re-
placed with fixed-local neighbors in CSPN++ [28] (M), the accuracy remains almost the same.
It indicates that our CompletionFormer can learn good affinity locally and globally, thus helping
to soften the problem raised by the limited and fixed range of aggregation in CSPN++ [28]].

Model Scales. Our models in various scales (L, N, O), benefiting from local and global
cues, achieve significant improvement compared to the pure CNN-based baseline (E), while
counting fewer FLOPs. To trade-off between accuracy and efficiency, we select our model in
small scale (L) as our final architecture for the remaining experiments.

With/without SPN refinement. To conclude, in Tab. we show the results achieved by
different backbones with and without SPN refinement. Ours yields the most accurate results in
both cases.



Scanning Method RMSE| MAE| iRMSE| iIMAE|
Lines (mm)  (mm) (I/km) (1/km)
NLSPN | 3507.7 1849.1 13.8 8.9
1 DySPN | 36255 1924.7 13.8 8.9
Ours-ViT | 3507.2 1807.7 12.1 7.8
Ours 3250.2 1582.6 104 6.6
NLSPN | 2293.1 831.3 7.0 34
4 DySPN | 2285.8 834.3 6.3 32
Ours-ViT | 22412 7959 5.8 2.9
Ours 2150.0  740.1 54 2.6
NLSPN | 12889 377.2 34 1.4
16 DySPN | 1274.8 3664 32 1.3
Ours-ViT | 1268.9  360.7 33 1.3
Ours 1218.6 3374 3.0 1.2
NLSPN 889.4  238.8 2.6 1.0
64 DySPN 878.5  228.6 2.5 1.0
Ours-ViT | 872.0  226.2 2.5 1.0
Ours 848.7 2159 2.5 0.9

Table 2.4: Ablation study on scanning lines of LiDAR sensor on KITTI DC [217] datasets.

Ours-ViT denotes that only the Transformer layer is enabled in our proposed block.

RMSE| (m)
Method PackNet-SAN GuideNet NLSPN Ours-ViT Ours
0 - - 0.562 0.544 0.490
Sample 50 - - 0.223 0.218 0.208
Number 200 0.155 0.142 0.129 0.130 0.127
500 0.120 0.101 0.092 0.091 0.090

Table 2.5: Sparsity Studies on the NYUv2 Dataset. Evaluation with 0, 50, 200 and 500

samples.

2.3.5 Sparsity Level Analysis

Depth maps captured by sensors such as Microsoft Kinect [138] and Velodyne LiDAR sensor
are unevenly distributed and often contain outliers. To compare the effectiveness of our model
with current state-of-the-art methods [69, [117, 152, 203]] when dealing with this challenging
input depth, we manually generate sparse data at different settings for network training and
testing. As for noise, since captured depth maps are often corrupted by sensor noise or dis-
placement between RGB camera and depth sensor [[165]], we do not add extra noise to the input
depth for experiments.

Outdoor Scene. We conduct exhaustive experiments on the KITTI DC dataset [217] to
illustrate the robustness of our CompletionFormer when input with different sparsity levels.
For all experiments, we train on randomly selected 10 000 RGB and LiDAR pairs from official
training data (due to resource constraints) and test on the selected validation dataset provided by
KITTI. Furthermore, following [85], we sub-sample the raw LiDAR points captured by Velo-



KITTI DC NYUv2

Method MAE| iMAE| iRMSE] RMSE] | RMSE| REL|
(mm) (1/km) (1/km) (mm) (m)
CSPN [27] 279.46 1.15 2.93 1019.64 | 0.117 0.016

DeepLiDAR [165] | 226.50  1.15 2.56 758.38 | 0.115 0.022
GuideNet [203] 218.83  0.99 2.25 736.24 | 0.101 0.015

NLSPN [152] 199.59  0.84 1.99 741.68 | 0.092  0.012
PENet [80] 210.55 094 2.17 730.08 - -
ACMNet [286] 206.09  0.90 2.08 74491 0.105 0.015
TWISE [85] 19558  0.82 2.08 840.20 | 0.097 0.013
RigNet [252] 203.25  0.90 2.08 712.66 | 0.090 0.013
GuideFormer [169] | 207.76 ~ 0.97 2.14 721.48 - -
DySPN [117] 19271  0.82 1.88 709.12 | 0.090  0.012
Ours (L) 183.88  0.80 1.89 764.87 - -
Ours (L1+Lo) 20345 0.88 2.01 708.87 | 0.090  0.012

Table 2.6: Quantitative evaluation on KITTI DC and NYUv2.

dyne HDL-64e¢ in azimuth-elevation space into 1, 4, 16 and 64 lines to simulate the LiDAR-like
patterns. All methods have been fully retrained using the official code with variable lines of
LiDAR inputs (For DySPN [117], as no public code available, the results have been provided
to us by the author using the same selected training list). To get a throughout understanding
of the local details encoded by convolution and global context gathered by Transformer, we
present the results estimated by pure CNN-based methods (i.e., NLSPN and DySPN), a fully
Transformer-based variant of our network (Ours-ViT) and our CompletionFormer complete ar-
chitecture (Ours), which integrates both paradigms. As reported in Tab. thanks to the global
correlations built by Transformers, our model relying on these blocks only (Ours-ViT) exhibits
better results in all metrics as the LiDAR points get sparser. However, solely using Transformer
layers makes it difficult to distinguish the objects from the background, as shown in Fig.[2.4] By
coupling the local features and global representations, our complete model (Ours) significantly
decreases the errors in all metrics.

Indoor Scene. On the NYUv2 dataset [187], we randomly sample 0, 50, 200 and 500
points from the ground truth depth map to mimic different depth sparsity levels while keep-
ing the ground truth depth used for supervision unchanged. Both our model and NLSPN with
publicly available code are retrained for a fair comparison, while the results of GuideNet [203]]
and PackNet-SAN [69] are taken from the original papers. In Tab. CompletionFormer with
both CNNs and Transformers consistently outperforms all other methods in any cases. Quali-
tative results concerning the NYUv2 dataset [187] are provided in Fig.[2.6] In both visualized
cases, we can notice the improved results yielded by our CompletionFormer compared to NL-
SPN [152]. Especially for the transparent regions near the windows in both cases, with local
details of convolution and global cues of Transformer, our complete model (Ours) predicts clear
object boundaries while NLSPN and Ours-ViT give blurry estimations.



(a) RGB + Spare LiDAR (b) NLSPN (c) Ours-ViT (d) Ours

SE: 573.70mm RMSE: 559.80mm
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16 Scanning Lines P

Figure 2.4: Qualitative results on KITTI DC selected validation dataset with 4 and 16
LiDAR scanning lines. We attach the subsampled LiDAR lines to the corresponding RGB
image for better visualization. Ours-ViT denotes that only the Transformer layer is enabled in

our proposed block. A colder color in depth and error maps denotes a lower value.

RGB Image RigNet DySPN CompletionForer (Ours)

Figure 2.5: Qualitative results on the KITTI depth completion test set. Comparisons of our
method against state-of-the-art methods including RigNet [252]], NLSPN [[152], DySPN [117]
are presented. We provide RGB images, dense predictions, zoom-in views of challenging areas

and corresponding error maps for better visualization.

2.3.6 Comparison with SOTA Methods

This section comprehensively assesses the performance of state-of-the-art (SOTA) methods. On
indoor, i.e., NYUv2 dataset [187], CompletionFormer achieves the best results as reported in
Tab. @ When moving to outdoor dataset, MAE, iMAE, RMSE and iRMSE are adopted for
benchmark on KITTI depth completion (DC) dataset [217]. Empirically, our model trained
with only L, loss achieved the best results on two among four metrics (MAE and iMAE). By
jointly minimizing L; and Ls losses, CompletionFormer ranked first on RMSE metric among
published methods. Qualitative results on the KITTI DC test dataset are provided in Fig. 2.5
By integrating convolutions and Transformers, our model performed better near depth missing
areas (e.g., the zoom-in visualization on the second and fourth rows), textureless objects (e.g.,
the cars on the first row) and small objects (e.g., the pillars and tree stem far in the distance, on
second and fourth rows).
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Figure 2.6: Qualitative results on NYUv2 dataset. Comparisons of our method against state-
of-the-art method, i.e., NLSPN [152] are presented. We provide RGB images, and dense pre-
dictions. The colder the colors of the error map, the lower the errors. Ours-ViT denotes that

only the Transformer layer is enabled in our proposed block.

2.4 Conclusions

We proposed a single-branch depth completion network, CompletionFormer, seamlessly inte-
grating convolutional attention and Transformers into one block. Extensive ablation studies
demonstrate the effectiveness and efficiency of our model in depth completion when the input
is sparse. This novel design yields state-of-the-art results on indoor and outdoor datasets. Cur-
rently, CompletionFormer runs at about 10 FPS: decreasing its runtime further to meet real-time
requirements will be our future work.



Chapter 3

Self-Supervised Monocular Depth
Estimation with a Vision Transformer

The content of this chapter has been presented at the International Conference on 3D Vision
(3DV 2022) - “MonoViT: Self-Supervised Monocular Depth Estimation with a Vision Trans-
former” [284].

Depth perception is at the foundation of several high-level computer vision applications such
as autonomous driving, robotics, and augmented reality [206]. However, despite the steady
progress of active depth-sensing technologies brought by devices such as LiDARs, Time-of-
Flight (ToF) cameras and more, the possibility of estimating depth from standard images is
generally preferable, mainly because of three (among many) advantages: higher image resolu-
tion, lower hardware costs and potentially unconstrained working range. Although using two or
more images [161] is often the preferred choice, estimating depth from a single image allows for
the deployment of depth-sensing solutions on any monocular configuration, still representing
the most diffused setting in most practical cases nowadays.

Deep learning paradigms favored the blooming of this latter approach [12, 48,155, [101], at
the cost of requiring extensive collections of images annotated with depth labels in order to carry
out the training effectively. However, considering the high cost of collecting dense depth labels
for this purpose, self-supervised monocular depth estimation [63,[293] has emerged in the liter-
ature enabling significant progress in recent years [281]]. These approaches replace supervised
losses on depth labels with supervisory signals derived from image reprojection across different
views, by exploiting the geometric relationship between frames, i.e., the scene depth itself and
camera pose. Since these networks aim at learning depth, two prominent cases exist to deal with
the relative pose across frames. They consist of either knowing it as a prior — for instance, by
collecting stereo images and training on them [63]] — or estimating it during training, allowing
in this second case to train on unconstrained monocular videos [293]. The latter configuration
turns out to be the preferred choice for practical deployment since it simply requires a single
moving camera for gathering training data. For this reason, we stick to monocular videos for
training purposes. However, view reconstruction based losses suffer from occlusions, dynamic
objects and photometric changes, which severely limit the performance of the network [281].
Therefore, novel constraints [64] and additional cues [97, 264] (like semantic segmentation,
optical flow and surface normals) are often used to reduce the shortcomings mentioned above.

Improving the network backbone of depth networks is another well-known effective way to
gain accuracy. Recent research has shown that the encoder is crucial for achieving this [64}[293].
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Figure 3.1: Effects of global reasoning on self-supervised monocular depth estimation. The
limited receptive field of existing solutions (e.g., HR-Depth [129]], in the middle) often yields
inaccurate depth estimation, losing fine-grained details (like the car and cyclist over imposed in

yellow). On the contrary, our MonoViT architecture (right) achieves superior results.

Different kinds of backbone, such as VGGNet, ResNet, HRNet and PackNet, made their way
into the self-supervised monocular depth estimation task [64, 67, 292, [293]]. Moreover, to im-
prove the feature extraction and processing ability, new frameworks like HR-Depth [129] and
CADepth [251] also introduced attention modules. However, we argue that a shared short-
coming of existing self-supervised models falls in the reduced receptive field of Convolutional
Neural Networks (CNNs). This fact represents an implicit bottleneck for current dense es-
timation methods, dampening accuracy, and the capacity to generalize to different domains.
Specifically, the local nature of convolutions leads CNNs in their first layers — i.e., those in
charge of modeling fine-grained details — to extract features missing long-range relationships
across the same image. Going deeper with convolutions makes the receptive field wider, yet
it does not reach the whole image. Fig. [3.1] highlights the effect of this shortcoming. CNNs
based frameworks sometimes fail to estimate foreground-background structures due to the lack
of global perceiving and long-range relationship among modelled pixels. Vision Transformers
(ViTs) [39, 44, 243]] recently showed outstanding results on tasks such as object detection [39]
and semantic segmentation [243]], thanks to their capacity to model long-range relationships
between pixels and thus a global receptive field. The popularity of ViTs has also reached super-
vised depth estimation as well [112,[167], yet being not adopted for self-supervised monocular
depth estimation.

This chapter takes this missing step and explores ViTs for self-supervised monocular depth
estimation by proposing the MonoViT architecture. It combines both convolutional layers and
state-of-the-art (SoTA) Transformer blocks [102]] within its backbone to model both the local
information (objects) and global information (relationship among foreground and background,
among objects) within the same image. This strategy allows us to remove the bottleneck caused
by the limited perceptive fields of CNNs encoders, leading to naturally finer-grained predictions,
as shown in Fig.[3.1] We evaluate the performance of MonoViT on the popular KITTI dataset,
using the standard split by Eigen et al. [48]. The comparison to SoTA solutions highlights the
constantly superior accuracy of our framework. Moreover, we also analyze the generalization
capability of self-supervised monocular depth estimation networks across different datasets.
Purposely, we compare MonoViT with its main competitors on the Make3D [177] and Driv-
ingStereo [255]] datasets, highlighting, even in this case, the superior generalization capacity of
MonoViT.
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Figure 3.2: Attention maps of SOTA methods and our MonoViT. The first row shows the
RGB image, and the highlighted car is the region we want to analyze. In the next two rows, we
report multiscale disparity predictions and attention maps of each method. For an object that
is small in size and hard to distinguish from the background, such as the car highlighted, we
notice how MonoViT can predict its disparity even at the lowest resolution (i.e., £ x %). At

the same time, other methods fail to capture it.

3.1 Method

3.2 Proposed framework

This section analyzes the necessity for introducing a Transformer for self-supervised monocular
depth estimation. Then, we describe our MonoViT network architecture and the loss functions
used for the self-supervised training of our framework.

Unlike supervised depth estimation methods, the supervisory signal of self-supervised ap-
proaches derives from image reprojection across different, nearby viewpoints. Thus, to achieve
good performance, this formulation requires the network to accurately perceive the scene struc-
ture: a challenging task, especially for regions with hard to distinguish foreground objects from
the background. Current SOTA networks [129, 251] rely on traditional convolutional layers for
aggregating context information and gradually lift the receptive field of the network through a
cascade of layers and strided convolution [171]. However, given the intrinsic locality of the
convolution operator, CNNs hardly model long-range appearance similarity among objects, in
particular within the shallowest features. An example of this occurs when the foreground ob-
jects have a texture similar to the one of the background. In such a case, the feature backbone



Transformer based Depth Network

Upconv Layer Disparity Head -
—————————————— —-[ Upconv Layer ’—-‘ Disparity Head ]—> -
W _H ; — )
2%7 7 Transformertayer [T — — ——— >‘ Upconv Layer H Disparity Head |—» IGw"
— -‘ Upconv Layer '—’| Disparity Head |——>-'
Upconv Layer

Jomt CNN &
Transformer Layer

16 16 32 32

- R t Up Sample
w Atten Conv Conv Conv ---=Skip Connection
Block 3x3 3x3 3x3 Connection
r

Image splits Pose Network Upconv Layel Disparity Head Sigmoid

Figure 3.3: Overview of our MonoViT architecture. Our MonoViT consists of two parts,
Depth Network and Pose Network. For Depth Network, both Transformer [102] and con-
volutional layer are adopted to enhance the feature modeling and depth inferring. For pose
estimation between temporally adjacent images, we use a lightweight PoseNet as in previous
works (64, [129] 2511, 292].

tends to embed them in the same semantic context, and the whole architecture cannot distin-
guish between foreground and background depths. Fig.[3.2]shows this behaviour; we can notice
that the car in the middle of the road is hard to spot from the ground due to the strong sunlight.
CNNs such as CADepth [251]] and DIFFNet [292] predict a depth for the car similar to the
one of the ground plane. This fact is due to their encoder network paying more attention to
the ground than the car itself. Hence, we propose integrating convolutions and ViT blocks to
address the standard limitation of the former, since the latter has more significant potential for
modeling long-range correlation.

Driven by this rationale, we design our Monocular Vision Transformer framework, MonoViT
in short, as shown in Fig.[3.3] It includes a DepthNet and a PoseNet, respectively, designed for
depth prediction of each input image and pose estimation and trained through image reconstruc-
tion losses.

3.2.1 DepthNet Architecture

As typical in previous works [64) 293]], we design our DepthNet as an encoder-decoder archi-
tecture.

Depth encoder. As pointed out by recent research [64} 224} 251],293]], the encoder is crucial
for effective features extraction. Inspired by one of the most recent Transformer architectures
—i.e., MPVIT [102], in which a Multi-Path Transformer Block is proposed for simultaneously
representing local and global context extracted from images — we follow such a design to build
the key components of our depth encoder in five stages. Given the current input image, we adopt
a Conv-stem block consisting of two convolutions With kernel size 3 x 3 and stride of 2 only at
the first convolution, generating features with size = >< K From stage two to stage five, we stack
the Multi-Path Transformer Blocks in each stage, shown as “Joint CNN & Transformer Layer”
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Figure 3.4: Joint CNN & Transformer Layer used in depth encoder. Each Transformer
block contains M Transformer layers, consisting of a Layer Normalization (LayerNorm) mod-
ule, a Factorized Multi-head Self Attention (MHSA) layer [102], another Layer Normalization
and a Feed-forward Network (FFN).

in Fig. Precisely, each “Joint CNN & Transformer Layer” (shown in Fig. consists of
a Multi-Scale Patch Embedding layer, used to embed various-sized visual tokens in parallel —
in our case, four parallel convolutional blocks extract features with a receptive field of 3 x 3,
3 x 3,5 x 5and 7 x 7 pixels by stacking multiple 3 x 3 convolutional layers. Then, consid-
ering the advantage of ViT at building global dependencies while shows limitations modeling
local details [102]], extracted tokens are processed through both convolutional layers and Trans-
formers blocks, in a parallel and complementary manner — i.e., using the four branches shown
in Fig. [3.4] respectively three parallel Transformer blocks and a convolutional block, this latter
made of 1x1, 3x3 depthwise and 1x 1 convolutions. While the convolutional branch constructs
the local relationship between neighbors within features L, the three Transformer Blocks model
the information interaction over the whole input space within features Gg, G1, G, thanks to the
self-attention mechanism. Specifically, these latter take a sequence of visual tokens embedded
by the Multi-Scale Patching Embedding module and project them into a query (Q), key (K),
and value (V € RV*Y) vectors through three separated but structure same heads (where N
denotes the number of visual tokens, equal to the total number of pixels in the input space). The
self-attention mechanism is implemented in an efficient factorized way [102]:

FactorAtt(Q, K, V) = %(softmaX(K)TV), 3.1)

where C' refers to the embedding dimension. Finally, a feature fusion block is used to collect
and further enhance the interaction between local and global features extracted by the “Joint
CNN & Transformer Layer” at stage .

A; = Concat([L;, Gip, Gi1, Gi2]), (3.2)

Xiv1 = H(A), (3.3)

with A; € R#i*WixCi being the aggregated feature and #(-) a 1 x 1 convolutional layer which
fuses them and yields the final feature X, ; for the next stage 7 + 1.



A clear benefit of integrating convolutions with Transformer is the comprehensive — both
local and global — interaction between pixels. It helps the network to perceive the structure and
relative position of objects so that small foreground objects can be preserved even at the lowest
resolution, rather than collapsed into similar texture background as shown in Fig. [3.2]

Depth decoder. Taking the multi-scale features from the depth encoder, cross-layer, and
cross-scale connections are adopted in our depth decoder to gradually increase the spatial res-
olution, as shown in Fig. Considering the context difference between features at different
scales, e.g. higher resolution features favour fine-grained details, we enhance cross-scale feature
fusion with both spatial and channel attention mechanisms [129, [292] (i.e., our Atten Block).
Finally, four heads — made of two convolutional layers and a Sigmoid activation — are in charge
of disparity (inverse depth) prediction from corresponding aggregated features, outputting maps

at full, % }1, % resolution respectively.

3.2.2 PoseNet

Following [64, (129, 251} 292], our PoseNet favors a simple, yet effective implementation.
Specifically, our PoseNet uses the lightweight structure of ResNet18 [[75]. Receiving concate-
nated images [Z, Z'] as input, it outputs a 6 DoF relative pose T between adjacent frames of a
video sequence.

3.2.3 Self-supervised Learning

We cast depth estimation as an image reconstruction task, replacing ground truth labels with
unlabeled, monocular videos at training time. The depth network takes a still (i.e., target) image
7 and predict its dense inverse depth map d, from which depth D is derived as 1/d and forcing
it to be in [Dyin, Dinas] as in [64].

View reconstruction loss. By knowing camera intrinsics k and the predicted pose T be-
tween two nearby views, a reconstructed target image 7 is obtained as a function 7 of intrinsics,
pose, source image Z' and depth D. A loss signal L, is computed as a function JF of inputs 7
and Z:

Ly =F(I,I)=F(x(Z',T,k,D),T). (3.4)

F 1s usually obtained as a weighted sum between a structural similarity term and an inten-
sity difference term. Popular choices for these two terms are the Structured Similarity Index
Measure (SSIM) [236] and the L1 difference, as proposed in [64]:

1 —SSIM(Z,T)
2

with @ commonly set to 0.85 [64]]. Besides, for each pixel p, the minimum among losses
computed from forward and backward adjacent frames allows for softening the effect of occlu-
sions [64] on the reprojection process

FIZ,I)=a- +(1-0a)-|ZT-1| (3.5)

Le(p) = min F(Z;(p),Z(p)) (3.6)

i€[l,—1]

with ‘1” and ‘-1’ referring to the forward and backward adjacent frames, respectively.



Smoothness loss. As in previous works [64} [292]], the edge-aware smoothness loss is used
to improve the inverse depth map d:

'Csmooth = |axd*|€aZ[ + |ayd*|€8yl, (37)

where d* = d/ d represents the mean-normalized inverse depth. Besides, following [64)], an
auto-mask y is calculated to filter static frames and objects moving with the same motion of the
camera.

Total loss. Finally, both the view reconstruction loss L, and the smoothness 1oss L,,00th
are computed from outputs at each scale s € {1, %, }l, %} — brought to full resolution — and then
averaged as L, to train MonoViT:

4
Etot - : Z(M ' £ss + A Esmooth)» (38)
s=1

with )\ being set to 1073,

3.3 Experiments

In this section, we report the outcome of our experiments, clearly supporting the superior accu-
racy of MonoViT at estimating depth across several benchmarks.

3.3.1 Implementation Details

We implement our MonoViT in Pytorch. The model is trained for 20 epochs on the KITTI
dataset using AdamW [127] as optimizer and a batch size set to 12. The initial learning rate for
PoseNet and depth decoder is 10~#, while the Transformer-based depth encoder is trained with
an initial learning rate of 5x10~°. The number M of Transformer layers in each of the three
Transformer blocks in the ‘Joint CNN & Transformer Layer’ is set as 1, 3, 6, 3 from stage 2
to stage 5 in the depth encoder, respectively. Both the pose encoder and depth encoder are pre-
trained on ImageNet [41]]. We use a single RTX 3090 GPU for the low resolution (640 x 192)
experiments while 4 RTX 3090 GPUs for higher resolution (1024 x 320,1280 x 384) ones.
Overall, network training requires about 15 hours. In our experiments, we adopt the same data
augmentation detailed in [64} 129].

For evaluation, we compute the seven standard metrics (Abs Rel, Sq Rel, RMSE, RMSE log,
51 < 1.25, 65 < 1.252, 53 < 1.25%) proposed in [48]] and used by most works in the literature.

3.3.2 Datasets

KITTI [62]. The KITTI stereo dataset contains 61 scenes, with a typical image size of
1242 x 375, captured using a stereo rig mounted on a moving car equipped with a LiDAR
sensor. Following previous works in this field [64, 129, 292]], we use the image split of Eigen
et al. [48]], which consists of 39810 monocular triplets for training and 4424 for validation. To
compare with the existing solutions, we evaluate the single-view depth performance on the test
split of [48] either using raw LiDAR (697 images) or improved ground truth labels [218] (652
images).



lower is better higher is better | [Method Data |Resolution lower is better higher is better

Method Data |Resolution||Abs Rel Sq Rel RMSE RMSE log| 0 Oy d3 Abs Rel Sq Rel RMSE RMSE log| 4; by O3
Monodepth2 [64! M | 640x192 | 0.115 0.903 4.863 0.193 [0.877 0.959 0.981| |Monodepth2 [64]| M [1024x320| 0.115 0.882 4.701 0.190 |0.879 0.961 0.982
Sun [201 M | 640x192 | 0.117 0.863 4.813  0.192 |0.871 0.959 0.982| |Sun [201] M |1024x320{ 0.110 0.791 4.557 0.184 ]0.887 0.964 0.983
SGDepth [97 M+Se| 640x192 || 0.113 0.835 4.693  0.191 |0.879 0.961 0.981| |SAFENet |32 M+Se|1024x320|| 0.106 0.743 4.489  0.181 |0.884 0.965 0.984
SAFENet [32 M+Se| 640x192 || 0.112 0.788 4.582  0.187 |0.878 0.963 0.983| |HR-Depth [129 M |1024x320| 0.106 0.755 4.472  0.181 ]0.892 0.966 0.984
VC-Depth [2911 M | 640x192 | 0.112 0.816 4.715 0.190 ]0.880 0.960 0.982| |FeatDepth [186 M |1024x320{ 0.104 0.729 4.481 0.179 |0.893 0.965 0.984
PackNet! [67 M | 640x192 | 0.108 0.727 4.426 0.184 ]0.885 0.963 0.983| |GCNDepth [134]| M [1024x320|| 0.104 0.720 4.494 0.181 |0.888 0.965 0.984
Mono-Uncertainty[160]| M | 640x192 || 0.111 0.863 4.756  0.188 [0.881 0.961 0.982| |CADepth* [251] | M |1024x320| 0.102 0.734 4.407  0.178 |0.898 0.966 0.984
HR-Depth [129] M | 640x192 | 0.109 0.792 4.632  0.185 |0.884 0.962 0.983| |DIFFNet' [292 M |1024x320|| 0.097 0.722 4.345 0.174 |0.907 0.967 0.984
Johnston et al. |88 M | 640x192 | 0.106 0.861 4.699  0.185 |0.889 0.962 0.982| |MonoViT (ours)| M |1024x320(| 0.096 0.714 4.292  0.172 0.908 0.968 0.984
CADepth* [251 M | 640x192 | 0.105 0.769 4.535 0.181 |0.892 0.964 0.983| |PackNet’ [67] M |1280x384| 0.104 0.758 4.386  0.182 ]0.895 0.964 0.982
DIFFNet' [292] M | 640x192 | 0.102 0.749 4.445 0.179 |0.897 0.965 0.983| |SGDepth [97 M+Se|1280x384 || 0.107 0.768 4.468  0.186 |0.891 0.963 0.982
MonoFormer [6 M | 640x192 | 0.106 0.839 4.627  0.183 ]0.889 0.962 0.983| |HR-Depth [129 M |1280x384| 0.104 0.727 4.410 0.179 ]0.894 0.966 0.984
MonoViT (ours) M | 640x192 | 0.099 0.708 4.372 0.175 [0.900 0.967 0.984| |CADepth* [251] | M |1280x384| 0.102 0.715 4312 0.176 |0.900 0.968 0.984
MonoViT (ours)| M [1280x384| 0.094 0.682 4.200  0.170 |0.912 0.969 0.984
Monodepth2 [64! MS | 640x192 || 0.106 0.818 4.750  0.196 |0.874 0.957 0.979| |Monodepth2 [64]| MS |1024x320| 0.106 0.818 4.750  0.196 |0.874 0.957 0.979
HR-depth [129 MS | 640x192 || 0.107 0.785 4.612  0.185 [0.887 0.962 0.982| |HR-Depth [129] | MS |1024x320| 0.101 0.716 4.395  0.179 ]0.892 0.966 0.984
CADepth* [251 MS | 640x192 || 0.102 0.752 4.504  0.181 |0.894 0.964 0.983| |CADepth* [251] | MS |1024x320| 0.096 0.694 4.264  0.173 ]0.908 0.968 0.984
DIFFNet' [292] MS | 640x192 || 0.101 0.749 4.445 0.179 ]0.898 0.965 0.983| |DIFENet’ [292] | MS |1024x320| 0.094 0.678 4.250  0.172 |0.911 0.968 0.984
MonoViT (ours) MS | 640x192 || 0.098 0.683 4.333  0.174 |0.904 0.967 0.984| [MonoViT (ours)| MS |1024x320( 0.093 0.671 4.202 0.169 [0.912 0.969 0.985

Table 3.1: Results on the KITTI benchmark using the Eigen split [62]. Each method is
grouped by input resolution (low: left, high: right) and training methodology (M: monocular
videos, MS: binocular videos, Se: trained with semantic labels). The best scores are in bold. *
refers to the current SoTA self-supervised method on the KITTI depth benchmark. { stands for
the novel results from the official Github repository, better than published ones. I refers to the

model pretrained on Cityscapes [34]], while the others are pretrained on ImageNet [41].

lower is better

Method AbsRel SqRel RMSE RMSE log
Monodepth2 [64] 0.321 3.378 7.252 0.163
HR-Depth [129] 0.305 2.944 6.857 0.157
CADepth [251] 0.319 3.564 7.152 0.158
DIFFNet [292] 0.298 2.901 6.753 0.153
MonoViT (ours) 0.286 2.758 6.623 0.147

Table 3.2: Quantitative results on the Make3D Dataset [177]]. Models trained on KITTI with
640 x 192 images.

Make3D [177]. This dataset features outdoor environments and is typically used for testing
the generalization performance of monocular depth frameworks. We test MonoViT following
the same image pre-processing steps and computing the evaluation metrics detailed in [64].

DrivingStereo [255]]. It is a large-scale stereo dataset depicting autonomous driving scenar-
10s. Among several sequences, we use the four image splits made available on the website, each
made of 500 frames collected under different weather conditions, respectively foggy, cloudy,
rainy and sunny. We use this dataset to evaluate the generalization capacity of MonoViT and its
most recent competitors.

3.3.3 Depth Evaluation

Results on KITTI: We test our model by using the standard KITTI Eigen split [48]], which
includes 697 images coupled with raw LiDAR scans. Among them, improved ground truth
labels [218]] are provided for 652 images. Since monocular depth models trained on video
sequences suffer from monocular scale ambiguity, the estimated depth is scaled by the per-
image median ground truth [293].
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Figure 3.5: Qualitative results on KITTI. Top row, input images. Then, predictions by SoTA
methods (Mono2 [64], HR-Depth [129], CADepth [251], DIFFNet [292]) and MonoViT (Ours).

For each method, we show the depth map and the corresponding error map.

Tab.[3.T]collects the results achieved by SoTA self-supervised frameworks, processing either
low resolution (left) or high resolution (right) images. We report results for methods trained both
using monocular (‘M’, top), and binocular videos (‘MS’, bottom) for completeness. MonoViT
significantly outperforms existing SOTA methods for any training resolution and setting on all
metrics. In particular, we also highlight how MonoViT greatly outperforms MonoFormer [6]],
a concurrent attempt to deploy Transformers in self-supervised monocular depth estimation.
Tab. [3.4] reports the same metrics computed over the improved ground truth labels processing
640 x 192 images. Again, MonoViT is constantly more accurate.

Fig. [3.5|reports a comparison between MonoViT and some of its competitors, showing that
our model can get a much lower RMSE and proving that MonoViT is more powerful at modeling
relations between objects than existing models.

Results on Make3D. We run experiments on the Make3D dataset [177] in order to evaluate
the capability of our model to generalize on different real-world environments. By following
the same protocol indicated in [64, (129, 251} 292], we firstly train our model on KITTI using
images at 640 x 192 resolution and, then test on Make3D without a fine-tuning procedure.
For fairness, we evaluate MonoViT and the existing self-supervised networks using the same
evaluation code provided by [64]. Tab. [3.2] demonstrates how our proposed architecture allows
us to outperform other strategies by a large margin and to achieve SoTA generalization results.

Results on DrivingStereo. Additionally, to further evaluate the generalization capacity of



lower is better higher is better

Domain|Method Abs Rel Sq Rel RMSE RMSE log| 09 03

Monodepth2 [64]]| 0.125 1.514 7.927 0.195 ]0.849 0.950 0.980
HR-Depth [129] || 0.131 1.504 8.023 0.199 ]0.828 0.949 0.982
foggy |CADepth [251] 0.126 1375 7.585 0.187 ]0.845 0.956 0.986
DIFFNet [292] 0.111 1.232 7.047 0.169 ]0.869 0.966 0.989
MonoViT (ours)|| 0.096 0.934 6.313 0.150 |0.893 0.974 0.993

Monodepth2 [64]]| 0.155 1.900 6.976 0.209 |0.813 0.943 0.979
HR-Depth [129] || 0.149 1.656 6.658  0.204 |0.815 0.945 0.981
cloudy |CADepth [251] 0.147 1.811 6.785 0.201 ]0.832 0.948 0.981
DIFFNet [292] 0.140 1.571 6.298 0.192 ]0.837 0.950 0.983
MonoViT (ours) | 0.125 1.300 5970 0.177 |0.861 0.958 0.986

Monodepth2 [64]]| 0.240 3.339 11.040 0.301 ]0.591 0.857 0.952
HR-Depth [129] || 0.222 2.962 10.494 0.281 ]0.631 0.868 0.959
rainy |CADepth [251] 0.221 3.072 10.681 0.277 ]0.632 0.879 0.963
DIFFNet [292] 0.191 2411 9.626 0.244 1]0.679 0.914 0.978
MonoViT (ours)|| 0.169 1.925 8.604 0.219 [0.733 0.934 0.985

Monodepth2 [64][| 0.155 1.740 6.744  0.214 ]0.819 0.941 0.977
HR-Depth [129] || 0.153 1.546 6.505 0.212 ]0.812 0.942 0.978
sunny |CADepth [251] 0.145 1518 6.485 0.202 ]0.827 0.949 0.982
DIFFNet [292] 0.142 1.457 6.165 0.197 ]0.835 0.950 0.982
MonoViT (ours) | 0.130 1.266 6.109 0.186 |0.851 0.956 0.985

Table 3.3: Results on DrivingStereo Dataset [255]. Models trained on KITTI with 640 x 192

images and tested on four different complex scenarios (foggy, cloudy, rainy and sunny).

MonoViT, we also test it under four different weather conditions, including foggy, cloudy, rainy
and sunny, from the DrivingStereo [255] dataset. In Tab.[3.3] we collect the output of this eval-
uation for MonoViT and SoTA frameworks. Any model has been trained on KITTT and tested
on DrivingStereo without any re-training or fine-tuning. Once again, MonoViT performance
always results vastly superior to any CNN competitor. In this case, the margin is even higher
than what was observed for KITTI and Make3D. This fact further suggests that the ViT encoder
used within our framework dramatically affects the generalization capacity of the whole depth
network, thanks to the long-range relationships among features modeled by the Transformer
blocks themselves.

Qualitative results. Fig. reports some qualitative examples from the Make3D dataset,
with MonoViT being able to model the structures of objects more accurately than its competi-
tors. Fig. shows a further qualitative comparison between MonoViT and SoTA frameworks
on some challenging images from KITTI (top) and some even more challenging samples from
DrivingStereo (bottom). For both datasets, we notice that MonoViT can effectively model the
foreground and background because of the global receptive field, resulting in more precise,
finer-grained estimation.

3.3.4 Ablation study

Finally, to further validate the effectiveness of our depth architecture, we report an ablation
study in Tab. [3.5] comparing the results yielded by MPViT variants (tiny, xsmall, small, base)
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Figure 3.6: Qualitative comparison on the Make3D dataset [177]. Predictions by
CADepth [251]], DIFFNet [292] and our MonoViT.

lower is better higher is better
Method Data| Abs Rel Sq Rel RMSE RMSE log| &, 09 03
Monodepth2 M || 0.090 0.545 3.942 0.137 |0.914 0.983 0.995
Johnston [88] M || 0.081 0.484 3.716 0.126 0.927 0.985 0.996
HR-Depth [129] | M || 0.085 0.471 3.769 0.130 [0.919 0.985 0.996
CADepth M || 0.080 0.450 3.649 0.124 ]0.927 0.986 0.996
DIFFNet [292] M || 0.076 0.412 3.494 0.119 ]0.935 0.988 0.996
MonoViT (ours)| M || 0.075 0.389 3419 0.115 |0.938 0.989 0.997
PackNet* [67] M || 0.071 0359 3.153 0.109 ]0.944 0.990 0.997
MonoViT (ours)| M || 0.067 0.328 3.108 0.104 [0.950 0.992 0.998

Table 3.4: Results on KITTI using the improved ground truth [218]. Top: 640 x 192 input
resolution, bottom: 1280 x 384. I pretrained on Cityscapes (on ImageNet [41]] otherwise).

and different recent Transformer encoders, SwinT-tiny [125]] and PVT [231]] (which counts a
similar number of parameters compared to MPViT-small) on top, also by reporting the amount
of parameters and FPS for each. Benefiting from the combination of CNNs and Transformers,
the MPViT backbone outperforms the other two SoTA pure Transformer backbones (SwinT
[125], PVT [231]) and the pure CNN one (ResNet34 [73])) in the self-supervised monocular
depth estimation task. Besides, we assess the impact of the different modules on bottom, like
the Atten. Block in the decoder and the CNN path/Transformer path in the “Joint CNN &
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Figure 3.7: Qualitative comparison on KITTI [62] (top) and DrivingStereo [255] (bottom).
Predictions by CADepth [251]], DIFFNet [292]] and our MonoViT.

Transformer Layer" (Fig. [3.4). As shown in the table, both CNN path, Transformer path and
Atten. Blocks play an important role in the architecture.

lower is better higher is better
Backbone Params| | FPST| )i Rel] SqRel] RMSE| RMSElog || & 1 6,1 51
ResNet34 [73] 27TM 42 0.108 0.780  4.622 0.183 0.884 0.963 0.983
SwinT-tiny [125] | 34M 41 0.101 0.698 4.404 0.177 0.894 0.966 0.984
PVT-small[231] 30M 38 0.106  0.801 4.648 0.184 0.887 0.961 0.982
MPViT-tiny 10M 24 0.102 0.733  4.459 0.177 0.895 0.965 0.984
MPViT-xsmall 13M 24 0.101 0.738  4.402 0.175 0.898 0.967 0.984
MPViT-small 27TM 18 0.099 0.708  4.372 0.175 0.900 0.967 0.984
MPViT-base 78M 15 0.100 0.747  4.427 0.176 0.901 0.966 0.984
MPViT-small 27M 18 0.099  0.708 4.372 0.175 0.900 0.967 0.984
w/o CNN Path - - 0.114 0.929 4.821 0.190 0.879 0.959 0.981
2 Trans. Path - - 0.107 0.801  4.590 0.182 0.889 0.963 0.983
1 Trans. Path - - 0.120  0.876  4.799 0.196 0.864 0.956 0.981
w/o Trans. Path - - 0.127 0931 4972 0.203 0.850 0.951 0.980
w/o Atten. Block - - 0.101 0.772  4.465 0.177 0.898 0.965 0.983

Table 3.5: Ablation study on KITTI. Trans. refers to Transformer. Input is 640x 192, runtime
measured on RTX 3090 GPU. Encoders are pre-trained on ImageNet.



3.4 Conclusion

We proposed MonoViT, a new architecture for self-supervised monocular depth estimation. By
combining both convolutions and Transformers block inside the network encoder, MonoViT can
model the local and global context of images jointly, overcoming existing solutions based on
CNNs. Our proposal vastly and consistently outperforms the SOTA on the KITTI dataset. More-
over, experiments on Make3D and DrivingStereo datasets show that MonoViT achieves better
generalization performance than SoTA architectures for self-supervised depth estimation.



Chapter 4

Efficient Spatial-Temporal Stereo
Matching Network

The content of this chapter has been presented at the IEEE/RSJ International Conference on
Intelligent Robots and Systems (IROS 2023) - “TemporalStereo: Efficient Spatial-Temporal
Stereo Matching Network™ [278]].

4.1 Introduction

Stereo reconstruction is a fundamental problem in computer vision. It aims at recovering the
3D geometry of the sensed scene by computing the disparity between corresponding pixels
in a rectified pair of images. In robotic [182], virtual/augmented reality [268]], autonomous
driving [189]], and more, depth information is crucial for scene understanding, with accurate yet
fast solutions being particularly attractive.

Recently, deep learning approaches have shown tremendous improvements, especially in
the supervised setting [29, 105} 245]. Common to most architectures is the cost volume, which
encodes the feature similarity and plays a key role in matching pixels. In particular, features
from the left image are concatenated (in 3D networks) or correlated (in 2D networks) and pro-
cessed through convolutions, which are costly and prevent real-time execution. To address this
issue, more efficient stereo models have been proposed, taking advantage of efficient cost ag-
gregation [8, 246], coarse-to-fine [91}233]] and cost volume pruning [46, 133, [183]] strategies to
preserve computation and accuracy. Nonetheless, the sparse and constant disparity candidates
used for matching cost computation can easily miss the ground truth disparity, thus deteriorat-
ing the accuracy of prediction. The case becomes even worse when dealing with challenging
regions. For example, although occlusion is an ill-posed problem for stereo matching based
on a single stereo pair, popular supervised stereo methods have not ever taken advantage of
the intrinsic correlation among frames when stereo videos are available. Even if commercial
cameras can easily acquire high FPS videos (e.g., 30 or more), in which likely past context is
strictly related to the current one, state-of-the-art stereo methods generally process each frame
independently. We argue that previous disparities can be relevant cues to improve estimates,
especially in complex regions where the current pair alone is not sufficiently meaningful, such
as near object boundaries and occlusions.

Inspired by these observations, we propose TemporalStereo, a novel lightweight deep stereo
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Figure 4.1: Overview of TemporalStereo. Our model can seamlessly process a stereo pair, as
well as switch to temporal mode when multiple pairs are available, to increase accuracy. This
allows TemporalStereo to achieve a favorable accuracy/speed trade-off with respect to existing

networks. GMacs are measured with a resolution of 960x572.

model (as depicted in Fig. [.I)) being not only suited for single pair fast inference, but also
able to leverage the rich spatial-temporal cues provided by stereo videos, when available. In
single-pair mode (i.e., when only the current pair is available), our network follows a coarse-to-
fine scheme [66, 91, 233] to enable efficient inference. In order to increase the capacity of the
constructed sparse cost volume and also the quality of sparse disparity candidates at every single
stage, we enhance the cascade-based architecture in several aspects: 1) firstly, we enrich the
cost of each queried disparity candidate with context from non-local neighborhoods during cost
computation; 2) as the number of disparity candidates could be decreased to very few (e.g., 5),
in addition to exploiting pure 3D convolutions for cost aggregation, we also perform multiple
statistics (e.g., mean and maximum statistics) over a large window to grasp the global cost
distribution of each pixel at one stage; 3) differently from previous strategies [91,1133L[185,1233]],
for which the candidates are constant throughout each stage, we rely on the aggregated cost
volume itself to shift the candidates towards a better location and thus improve the quality of
predicted disparity map; 4) additionally, when multiple pairs are available, our network can
easily switch to temporal mode, in which past disparities, costs and cached features could also
be aligned to the current reference frame and used to boost current estimates with a negligible
runtime increase (4ms as shown in Tab. [4.7). Experimental results on synthetic (SceneFlow,
TartanAir) and real (KITTI 2012, KITTI 2015) benchmarks support the following claims:

* Our method is accurate yet fast and achieves state-of-the-art results when a single stereo
pair is available. In particular, the improved coarse-to-fine design based on very few (e.g.,
5) candidates allows TemporalStereo to unlock fast execution and high performance.

* When multiple temporally adjacent stereo pairs are available, TemporalStereo is the first
supervised stereo network that can effortlessly cache the past context and use it to im-
prove ongoing predictions, e.g., in occluded and reflective regions. The model trained in
temporal mode is effective also in single-pair mode, allowing the deployment of the same
model in both settings.

* The proposed temporal cues can be widely applied to boost the matching accuracy of
current efficient stereo methods, e.g., on TartanAir [229] dataset, the improvements of
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parity map in a coarse-to-fine manner. If past pairs are available, the same model switches to
temporal mode and employs features, costs, and candidates cached from past pairs to improve

the current prediction.

CoEX [8]] and StereoNet [91] are 14.6% and 26.1% respectively. Nonetheless, our Tem-
poralStereo is still the best one for utilizing temporal information.

4.2 Method

We first describe TemporalStereo in single-pair mode, then we fully unlock the potential of our
architecture enabling temporal mode. Fig. 4.2] depicts our model.

4.2.1 Single Pair Mode

Given a single stereo pair, a backbone extracts multi-scale features at 1/4, 1/8, and 1/16 of the
original resolution. Then, three stages predict disparity maps starting from these features. In
particular, each stage performs feature decoding, cost volume computation, and aggregation.

Feature decoding In each stage s € {1,2,3}, a decoder processes the current features,
together with those from the previous stage Ff‘l, F5='if s > 1. In particular, Ff‘l, Fs1
are bilinearly upsampled by a factor 2 and concatenated with left and right features from the
backbone. Then, the resulting feature maps are processed by two 2D convolutions with kernels
of 3, obtaining F}°, F’.

Cost volume computation. A 4D cost volume C* € REW*H*xW*XIP*| jg constructed by
concatenating F;° with the corresponding F? for each disparity d in the set D* = {d;, ds, ..., d, },
with C'h?® respectively the number of channels of feature F;° and disparity candidates used in the
stage:

Cooncat (- w0, d) = S{F7 (-, u,v), F(-,u — d,v)}, (4.1)
where u, v are horizontal and vertical pixel coordinates, respectively, while & stands for con-
catenation on channel dimension. However, by doing so, C® only contains local information,
which is a major limitation in the case of a sparse set of candidates. To alleviate it, we enrich
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For D, the matching distribution of 5 disparity candidates switches from a flattened unimodal

to one-hot distribution centered at ground truth by adaptively shifting candidates.

C® with multi-level costs [210] encoding a larger neighborhood. Specifically, we build a three-
level cost volume from feature maps F;°, F; and by downsampling them with factors 2, 4. At
each level, we perform group-wise correlations [71]], then costs are bilinearly upsampled to C*

resolution and stacked together, obtaining C;,,.. The final multi-level cost is:
CS(" u, v, d) = @{Cgoncat(" u, v, d>’ C;wc('a u, v, d)} (4.2)
Cost aggregation. We now describe how we compute the aggregated cost volume C; .

In each stage, preliminary spatial cost aggregation is performed by one 3D convolution with
kernel size 3 x 3 x 3 followed by an hourglass network and another 3D convolution with kernel
size 3 X 3 x 3. Afterward, a Statistical Fusion module further improves the aggregation with
mean and maximum statistics [271], especially along the disparity dimension (which contains
as few as 5 candidates): 4 parallel layers (identity, convolutional with kernel size 5 x 1 x 1,
average pooling and max pooling both with kernel size 5 x 5 x 5, respectively) extract global
statistics from the preliminary aggregated volume, then their outcomes are stacked together and
processed by one 3D convolution. In temporal mode, Statistical Fusion also helps to merge
past costs with current ones, as we will discuss later. We employ Statistical Fusion only in
stages s = 1, 2 to lighten the computation, while in s = 3 past costs are not used. Finally, a cost
prediction head with two 3D convolutions with kernel size 3 x 3 x 3 is in charge of predicting the
final cost volume C3 from C; . From C} and D* we could obtain the disparity d* of the current
stage by means of soft-argmin operator [89], but C; , can help us to improve the candidates —
as we will describe thereafter. For this reason, before computing d®, we have to introduce our
adaptive candidate shifting strategy.

Adaptive candidate shifting. Previous works [91, [133]] consider the candidates D* as con-

stants throughout the current stage s. However, the aggregated cost volume itself contains cues



about the candidates used to build it. Since it has been constructed from D?, it represents how
well the candidates can explain the current scene. Moreover, in the cost aggregation step, each
cost has been enriched with all the costs in its neighborhood, collecting matching results of
nearby pixels. We propose to leverage a dedicated prediction head to infer, from C; , as shown
in Fig. 4.2] an offset value for each candidate, which represents how much we have to shift the
candidate towards a better location. Thus, the candidates are pixel-wisely different and able to
adaptively adjust according to the learned context. This strategy gives the network the ability to
adapt D? and improve ds, as depicted in Fig. Specifically, an independent head — with the
same structure of the cost prediction head, i.e., two 3D convolutions, — is in charge of inferring
the offset volume O¢ € R¥™*W*IP*| from C:_, as input. Although offset learning [123] is not
new and has been used in [S8]] to convert the dense disparity candidates, which always tightly
cover the ground truth disparity, into continuous ones so that the predicted disparity value will
not be restricted to integers, in contrast, our disparity candidates are few and sparse, which
could easily miss the ground truth. By enriching the context of each sparse candidate, the pro-
posed shifting strategy is able to correct the constant and flawed candidates for better disparity
estimation.

Disparity prediction and candidate sampling. Given D°, O° and C3, soft-argmin oper-
ator [89] could be applied to predict the final disparity map. However, this strategy results
sub-optimal in the case of multi-modal distributions [58} 216} 276]. To overcome this limita-
tion, we predict the disparity following the strategy proposed in [8l]: we select top-K values
of —Cj} for each pixel across the disparity dimension, and we normalize them with the softmax

operator 0. The predicted disparity map d results:

ds — Z (d+ 04) X o(—cq), 4.3)

de{di” - di"}
where di = argmazk(—cg), argmax®(-) is the k-th maximal value for k € {1,2,..., K}, cg
the cost in C; of candidate d for each pixel, and oy is the offset value in O° for the candidate
d. Convex upsampling [210] is used to double the resolution of d' and d2, obtaining CZ%, cZ% To

bring d? to full resolution, following [8]], we bilinearly upsample d3 to full resolution and for
each pixel in the upsampled resolution, a weighted average of a 3 x 3 superpixel surrounding
it is calculated to get the final prediction dA? Finally, we obtain the set of candidates D**!
for the next stage applying an inverse transform sampling. We sample according to a normal
distribution N (cﬁ, 1) in the range [cﬁ -0, CZ$ + ], with 5 a constant value. This strategy allows
to include more candidates near the predicted disparity. The first stage is initialized with D*
uniformly sampled across the full range to provide an overview of current scene geometry.

Loss function. Following [[19]], we minimise the smooth L; loss, i.e., Huber loss at full
resolution between the ground truth disparity map d9' and the predictions at the three stages
{d, CZ%, 43, cZ?} d, CZ% and d are bilinearly upsampled to full resolution and a factor \* weights
each predicted map. The loss results:

1 .
Lhuper = m)\o - smoothy, (d — d*)

3 X 4.4)
+ Z —= A - smoothy, (d¥ — d3),

where N is the number of pixels with valid ground truth.



Furthermore, to supervise the learning of offsets in three stages {O', 0% 03}, we adopt the
Warsserstein loss [S8] for training. Specifically, for each stage s, we downsample the ground
truth disparity map d%" to the resolution of corresponding offset for supervision, obtaining dit’s.
As the offset value can range in a quite large value space, we improve the Warsserstein loss as:

1
Luonr =D (" 2 (14 ou = ] x (olca) + ) 4.5)

deDs

where ¢4 the cost value in C}E of candidate d for each pixel, and o, is the offset value in O° for
the candidate d. We set « = 0.25, i.e., even for the candidate with extremely low matching
probability o(—c,), the network still learns an offset to enforce it moving towards the ground
truth. With a weight factor A y;,,,;, our final loss becomes:

L= 'Chuber + )\final : 'Cwm“ (46)

4.2.2 Temporal Mode

So far, we have presented the model suited for single-pair mode. Now, we illustrate how the
model works in temporal mode. Differently from multi-view stereo models [82, 209], our
network processes stereo videos one stereo pair at a time. This behaviour, which helps to save
computation, is possible thanks to the sparse cost volume. In fact, we can easily add disparity
candidates from the past inferences to the current set D, thus increasing the search range with
other plausible solutions. The past candidates, however, have to be aligned with the current
frame to be meaningful. Optical flow/3D scene flow could be used to tackle the issue, but
predicting flow fields is expensive in terms of memory footprint and time. Instead, in this work,
we suppose that the camera is calibrated and the pose is given — since pose can be provided by
external IMU sensors or estimated from the stereo pairs— to build the rigid motion field needed
to align the candidates. Nonetheless, rigid flow formulation only holds for static objects in the
scene, but since our network always relies on the current stereo pair, TemporalStereo is robust
even in case of wrong flows (e.g., due to bad poses) or moving objects. In the remainder, we
detail how we do use temporal information to improve stereo-matching results.

Local map. As highlighted before, occlusions represent a major issue in stereo matching.
However, we argue that currently occluded regions might have been visible in past frames, e.g.,
due to camera motion. For this reason, the issue can be alleviated by adequately exploiting past
estimates and at a minimal cost since they can be easily cached. Furthermore, we cache costs
according to a keyframe strategy to bind the complexity in the case of long video sequences
and ensure enough motion parallax. Following [[199], a new incoming frame is promoted to
keyframe if its relative translation and rotation are greater than t,,,, and R,,,, respectively.
Then, a memory bank collects disparity CZ? of the last V., keyframes. Since each cached
map represents the scene geometry in the past, to use it in the current computation we need
to update the disparity values and their coordinates in the current image. Inspired by SLAM
literature [[141], we leverage a Local Map strategy to this aim. In detail, given the camera model
7 : R® — R?, a 3D point P(X,Y, Z) can be projected to a 2D pixel p(u, v):

m(P) = (fx +cx,fy§Z/ +cy), (4.7)



where (f;, fy, ¢z, ¢,) are the known camera intrinsics. Similarly, a pixel p can be back-projected

to a 3D point P:
7T— pad = . ( xu 71) ) ‘
b= "

where b is the baseline between the left and the right cameras and d the disparity. With the
relative extrinsic T,_,; € SE(3) from keyframe j to the current frame ¢, we can update every
disparity value d; of keyframe j as:

b fe
i Tf with P,(X,.Y;, 7)) = T, - 7 (p, ), 4.9)

. 70 =0 J—
J

where d?mj is the updated disparity value. At this point, we obtain the coordinates of d‘;’mj
in ¢ through forward warping. To preserve end-to-end requirement, we use the differentiable
Softmax Splatting o [147):

47 =G (d7 () — p) (4.10)
Finally, the Local Map is defined as follows:
Pt {DQ’d;Lloroj’CZ;IQJTOj’ o ,d%:jy} @.11)

It is worth noticing that, in single-pair mode, the Local Map only contains candidates from
the current pair. Moreover, it boosts candidate selection only for s = 2, since this stage rep-
resents the best trade-off between accuracy and speed. In fact, in s = 1 candidates are looked
over the full search range at the lowest resolution, while in s = 3 a larger cost volume involves
a much more expensive computation.

Temporal shift and past costs. Past semantic and matching scores are crucial for tempo-
ral stereo processing. Although Local Map effectively proposes previous depth cues about the
scene, it lacks in providing the context behind these guesses. To address the problem, we in-
troduce Temporal Shift and Past Costs modules. Temporal Shift enriches current feature maps
with those computed in the past. Specifically, we adopt the TSM [1135]] strategy to facilitate the
feature exchange among neighboring frames because it does not introduce additional compu-
tation or parameters: past features are shiffed along the time dimension and then merged with
current ones as shown in Fig. 1.2] Doing so, TSM provides spatio-temporal capabilities to our
backbone not originally designed for temporal modeling. In practice, every feature map from
the backbone is cached and used by Temporal Shift in the next prediction. Notably, as TSM
does not rely on pose, we can still perform stereo matching in temporal mode and benefit from
past information when pose is not available as shown in Tab. 4.3]

Similarly, Past Costs module adds past matching scores to current cost volumes. Given C;%
volume computed at time ¢ — 1, first we update the value of its candidates to ¢ according to Eq.
(4.9). Then, cost values and candidates are forward warped to ¢ using Eq. (4.10). Finally, the
warped cost volume is downsampled by a factor of 2 and 4 and concatenated with current C>

and C! 49 Tespectively, to be further aggregated by the Statistical Fusion module. To preseré’g
computation, we only warp top-K candidates and their costs to ¢. In single-pair mode, both
Temporal Shift and Past Costs are the identity function. This strategy allows us to run the
model trained in temporal mode also in single-pair mode with a limited drop in accuracy, e.g.,

at bootstrap.



4.3 Experiments

This section describes the experimental setups used to evaluate on popular datasets, including:
SceneFlow [1335]], TartanAir [229], KITTI 2012 [61] and KITTT 2015 [136]. As standard prac-
tice in this field [270, 276], we compute the end-point-error (EPE) and the percentage of points
with a disparity error > 3 pixels (3PE, > 5 for SPE) as error metrics in non-occluded (NOC),
occluded (OCC) and both (ALL) the regions. Moreover, following the literature [[136]], we mea-
sure the D1 error on KITTI instead of the 3PE in background (BG), foreground (FG), and both
(ALL) areas. We do so by computing the percentage of points with error > 3 pixels and > 5%
than the ground truth. Runtime reported in Tab@.2] {.3] is measured in the corresponding
image resolution on each dataset, on a single NVIDIA 3090 GPU.

4.3.1 Dataset

SceneFlow: It is a large synthetic dataset [135] including 35,454 training and 4,370 test
images with a resolution of 540 x 960. We only use the Flyingthings part in "finalpass" format
for training and testing. Specifically, we randomly crop the image of 512 x 960 and set the
batch size as 4. Since it does not provide ground truth camera poses, we use this dataset for
single-pair mode only. The model is trained for 40 epochs with the initial learning rate of 0.001
decaying by a factor of 0.1 at epochs 30.

TartanAir: It’s a challenging synthetic dataset [229] with moving objects and various light
and weather conditions. To adapt it for stereo matching, we manually split the dataset with
hard motion (which has 6DoF motion, the max translation and rotation are 0.5 meters and 10°
respectively.) for training and testing. Specifically, the scenes consisted the testing dataset are
listed in Tab. 4.1} The other parts of the corresponding scene are used for training. Overall,
we collect nearly 66K stereo pairs for training and 5K for testing. The model is trained for
40 epochs with the initial learning rate of 0.001, reduced to 0.0001 at epoch 30. As for the
first 20 epochs, we train the model in the single-pair mode to let the network learn to perform
stereo matching. Then, we set the model in the temporal mode for the left 20 epochs. For all
experiments, we keep the image at full resolution (i.e., 480 x 640) with batch size 16, and use the
same training schedule for all experiments on the TartanAir dataset. As the TartanAir dataset
targets at visual SLAM and thus ground truth poses are provided. In temporal experiments, we
leverage ground truth poses for warping.

KITTI Raw Sequences: We augment the KITTI [61, [136] datasets with KITTI Raw Se-
quences [49]]. Specifically, the KITTI Raw Sequences are composed of several outdoor scenes
captured with car-mounted cameras and depth sensors. Following [49], we get 61 stereo video
sequences (containing 42K pairs) with pseudo labels for pretraining, and poses are calculated
from the GPS/OXTS devices on KITTI. As for pseudo label generation, we leverage the pre-
diction results from LEAStereo [29] which has been finetuned on KITTI 2015 [[136] training
dataset. We also perform left-right consistency [47] to filter out outliers in the generated pseudo
labels. Given the model trained on SceneFlow or TartanAir dataset, we further pretrain the net-
work for 10 epochs with an initial learning rate of 0.001 and decrease it to 0.0001 at epochs 8.
Besides, we set the batch size as 4 and randomly crop the image into 320 x 1024.

KITTI 2012&2015: They are both real-world datasets collected by a driving car and
depicting urban scenes. KITTI 2015 [[136] contains 200 training and 200 testing stereo pairs
while KITTI 2012 [61] has 194 and 195 pairs for training and test, respectively. Both the splits



Scene ‘ Part

abandonedfactory | P002
amusement P0O07
carwelding P003
endofworld P006
gascola POO1
hospital P042
office P006
office2 P004
oldtown P006
seasonforest P002
seasonforest_winter | PO15
soulcity PO08

Table 4.1: TartanAir Testing Dataset. We list Scene-Part pairs used in our testing set.

provide sparse ground truth depth labels. For temporal mode evaluation, we leverage the multi-
view split, which contains, for each sample, also the 10 previous pairs. We estimate camera
poses with an off-the-shelf SLAM algorithm [[16]. We randomly crop the image into resolution
320 x 1024, use batch size as 4, and train our models on KITTI 2012 [61]] and KITTI 2015 [[136]]
with the same schedule. More specifically, for both single-pair and temporal mode, we use the
pre-trained model from KITTI Raw Sequences [49] and finetune it for 16 epochs with the initial
learning rate of 0.0001 and reduce it by a factor of 0.1 at epochs 12.

4.3.2 Implementation Details

We implement our network in PyTorch [154]], using RMSProp as optimizer to train all models in
an end-to-end fashion. Scale weights are Ay = 1.0, Ay = 0.5, Ay = 0.7, A3 = 2.0, Apina = 2.0,
while we set K' = 2 for top-K selection, number of candidates n = 12 in stage 1 while n = 5
in stages s = 2,3, 8 = 4 for sampling and N, = 3 in Local Map. As for keyframe selection
strategy, we set [t,,..|] = 0.1m and |R,,,.| = 15° respectively. We leverage EfficientNetV2-
S [202] as backbone feature extractor, while the hourglass network proposed in [71] for cost
aggregation. For all 3D convolutions with kernel size k£ X k X k where £ > 1, we implement it
in depthwise [175] manner which consists two convolutions with kernels of size £ x 1 x 1 and
1 x k x k respectively to save computation. For all datasets, we perform asymmetric chromatic
augmentation as described in [254] to mitigate the effect of varying lighting and exposure.
Furthermore, we also add random patching [254] on the right image to help the network deal
with occluded areas. The maximum disparity value is D,,,, = 192. The smooth L loss, i.e.,
Huber loss is defined as:



smoothr, (z) =

4.3.3 Ablation Study

Left

Ground Truth

{ 0.522,

if |z] < 1,
|z| — 0.5, otherwise.

Prediction

(4.12)

Error

Figure 4.4: Qualitative results on SceneFlow. From left to right, the reference/left image, the

ground truth disparity map, the prediction in single-pair mode and its error (darker the color,

lower the error).

Multi-Level Statistical ~Adaptive EPE 3PE Runtime

Cost Fusion  Shifting | ALL OCC NOC | ALL OCC NOC [ (ms)

(A) X X X 0.600 1949 0.369 | 2.85 11.62 1.36 40.62

B) v X X 0.587 1.924 0360 | 2.79 1144 1.33 43.41

©) v v X 0.581 1908 0.356 | 2.78 11.39 1.31 44.54

(D) X X v 0.564 1923 0.334 | 287 11.78 1.36 41.58

(E) v v v 0.532 1.830 0.315| 2.75 1137 1.31 45.42

Candidates  Disparity | ., | Runtime Model  Depth-wise EPE Runtime
Number _ Range (ms) Variants ~ 3DCNN (ms)
(F) 3 [-4,41 10565 | 41.61 (K) Baseline X 0.589 | 63.91
(G) 9 [-4, 4] 0.531 55.84 .

(H) 5 [4.4] | 0532 | 4542 (L) Baseline v 0.600 | 40.62
(I) 5 [_2’ 2] 0.543 45.42 (M) Full X 0.535 75.42
) 5 [-8,8] | 0.568 | 45.42 (N) Full v 0.532 | 45.42

Table 4.2: Single-pair mode ablation. We assess on SceneFlow the key components of the

proposed architecture.

Single-pair mode. We leverage SceneFlow [133] to assess the impact of main components
of TemporalStereo in single-pair mode. Tab. 4.2 reports this ablation study, witnessing how
each module helps to improve the results consistently. In particular, the multi-level cost compu-
tation with group-wise convolutions (B) is effective in enriching the cost volume of each stage,
and the baseline model (A) also benefits from the further aggregation of Statistical Fusion (C).
Nonetheless, the adaptive shifting strategy (E) provides without any doubt the main boost in



performance. To be noticed, without the enriched context of each sparse candidate, the adap-
tive shifting strategy shows limitations on disparity correcting and its performance gain (D)
decreases a lot. Furthermore, results shown in (F, G, H) illustrates our TemporalStereo is able
to predict accurate disparity with as few as 5 candidates. With the ability to shift the candidates
towards a better solution, our model can search in a quite large space (e.g., 3 = 2, 4, 8 as re-
ported in H, I, J) to get the best result when 8 = 4. 3D convolutions are the common operations
to aggregate the cost in recent methods [8, 91, 276]. Our baseline model (A) benefits from the
3D convolutions (K) when compared to depth-wise [[175] 3D convolutions (L), but the runtime
increases a lot. In contrast, the full model (E) gives much higher improvement (N) with negli-
gible runtime increase (4.8ms), and the time-consuming 3D convolutions are not necessary (M)
for accuracy improvement. Besides, we can notice that our network achieves extremely low
error in both examples as shown in Fig. §.4]

Temporal Local Past EPE 3PE Runtime
Shift Map Costs | ALL OCC NOC \ ALL OCC NOC (ms)

(A) X X X 0.647 1.899 0420 | 396 14.21 2.08 36.85
(B) 4 X X 0.643 1.842 0435 | 400 1455 2.15 36.85
©) v v X 0.624 1.799 0413 | 3.81 13.60 2.02 38.22
(D) v v v 10610 1.637 0.413 | 3.73 12.60 2.03 40.13

Table 4.3: Temporal mode ablation. We evaluate the temporal components on TartanAir, with
Wtr = Wtest = 4.

Temporal mode. Before presenting the results achieved in temporal mode, we illustrate
the protocol adopted at training and test time on TartanAir dataset [229)]. Given a temporal
window containing W frames, initial f = {1,2, ..., W —1} frames are processed by the network
sequentially without computing error metrics and blocking the gradients. Specifically, each
outcome is cached and used in the next frame prediction. When f = W, we compute errors (and
backpropagation at training time). Tab. {.3|reports the ablation conducted on TartanAir [229],
with W' = 4 both at train and test time, aimed at evaluating the importance of each temporal
module. Specifically, we train the model in the single-pair mode for 20 epochs (i.e., the model
learns how to solve stereo matching task), then we enable temporal components for 20 more
epochs (i.e., the model now focuses on how to use past information). We can notice how the
baseline (A), i.e., the model trained in single-pair mode for 40 epochs, could be improved
using Temporal Shift to fuse past features with current ones (B). However, the benefit due to
Temporal Shift is much lower than the gain provided by Local Map, which largely improves the
performance (C). Finally, including cached past costs as well (D) provides an additional boost
in accuracy.

Impact of temporal window. Tab. [d.4]reports the results achieved by TemporalStereo using
different values of IV. In particular, we could have two different values for W, that are 1V, and
Wiest for train and test respectively. In addition to the baseline W;, = 1 and the temporal
Wy = 4 models, we also train a W}, = 8 model following the same configuration as for W, =
4. When compared with existing models such as PSMNet [19] and CoEx [8]], our baseline
outperforms them by a large margin in EPE metric. As for temporal mode, in general, the more
frames joining the training or testing phases, the better result we can get in all regions. Notably,
Wiest =4 and W, = 8 are always beneficial in OCC, witnessing that TemporalStereo can



effectively exploit more frames to deal with such difficult areas. Moreover, when Wy > 1,
the results consistently overcome baseline with single stereo pair. It indicates our network can
benefit from past information with only a few frames (e.g., 4, 8) after the network startup.
Finally, we can notice how temporal models tested with W;.,; = 1 obtain results closer to
the baseline. This outcome implies that, in practical video applications, TemporalStereo can be
trained once in temporal mode and used in single-pair way for the first inference (yet providing a
good initial estimate) and in the temporal mode for all the others. Fig.[4.5| visualises the benefits
of temporal model (IW;, = 8, Wiess = 8) to alleviate occlusion errors. The temporal mode (2)
largely outperforms the single-pair one (1). Furthermore, we highlight how TemporalStereo is
also robust against inaccurate poses: although in (3) the camera pose is set to an identity matrix
and only Temporal Shift module could help, it still outperforms (1). Eventually, the proposed
temporal cues can be plugged into recent efficient methods (e.g., CoEx [8] and StereoNet [91]])
for further improvement. Although CoEX with a very different architecture compared to ours,
its EPE still decreases from 0.714 to 0.610, with near 14% improvement. Nonetheless, our
TemporalStereo utilizes past cues more effectively.

0.673 1912 0450 | 4.00 14.03 2.17
0.609 1.625 0412 | 3.74 1258 2.03
0.656 1.928 0428 | 3.97 14.45 2.06
0.610 1.637 0413 | 3.73 12.60 2.03
0.601 1.615 0.405 | 3.71 12.54 2.02

Ours (single-pair)
% Qurs (temporal)
|L StereoNet [91] (temporal)
§ CoEx [8] (temporal)
Ours (temporal)

EPE 3PE
Method Weest "ALL 0CC  NOC [ALL OCC NOC
. PSMNet [19] 1 | 0866 2654 0558|480 18.63 248
| StereoNet [91] 1 | 0.888 2.647 0578 | 5.15 1934 2.68
& CoEx[8] 1 | 0714 2074 0463 | 3.83 1457 1.93
Ours (single-pair) 1 0.647 1.899 0420 | 396 14.21 2.08
< Ours (single-pair) 1 | 0665 1731 0459 | 395 1334 2.16
I Ours (temporal) 4 | 0610 1.637 0413 | 373 12.60 2.03
= Ours (temporal) 8 | 0.607 1.634 0409 371 1259 2.01

1

4

8

8

8

Table 4.4: Impact of different frames in temporal mode. Models are tested with W, = 1,
4 and 8.

Pose Analysis. To assess the impact of pose input, we evaluate our model with setting
Wi, = 8 and Wiss = 8 on 4 scenes (2 indoor and 2 outdoor scenes) of TartanAir dataset [229]]
with hard motion patterns. The overall results of several pose inputs are listed in Tab
Specifically, the noise of rotation follows A/ (0, or) in degree(®) and noise of translation follows
N(0, o) in meter(m). As reported, 1) poses from ground truth (GT) or estimated by DROID-
SLAM [212]] yield almost the same EPE and 3PE metrics. It means, when the ground truth pose
is not available, an actual SLAM system like DROID-SLAM could be an alternative scheme.
2) Pose with small rotation error (e.g., cg <= 1°) and translation error (e.g., oy <= 0.05m)
gets very close results to the one with ground truth pose, and it always surpasses the results by
single-pair mode. Even when the pose error comes to the maximum level of the dataset (i.e.,
or = 10° 0, = 0.5m), our model does not crash down and provides impressive predictions,



Figure 4.5: Benefits of temporal mode. Compared to single-pair mode (1), temporal mode (2)

1s more accurate at occlusions, even with noisy poses (3) — colder colors encode lower error.

(1) single-pair

(2) temporal

(3) temporal w/ bad poses

Outdoor Indoor
Pose Type Amusement SoulCity Carwelding Hospital

EPE 3PE \ EPE 3PE \ EPE 3PE \ EPE 3PE
Single-pair 0.562 2.62 | 0.529 2.60 | 0.508 2.84 | 0.904 3.74
Identity 0.569 2.58 | 0.534 2.66 | 0.538 2.96 | 0.927 4.21
DROID-SLAM [212] | 0.545 2.51 | 0.509 2.52 | 0479 2.63 | 0.848 3.30
GT 0.545 2.51 | 0.508 2.52 | 0.478 2.63 | 0.848 3.30

or(°) or(m)
o 10 0.50 0.716 3.52 | 0.791 4.86 | 0.608 3.34 | 1.152 4.85
8 10 0.05 0.713 3.46 | 0.776 4.55 | 0.611 3.37 | 1.096 4.79
% 1 0.50 0.577 2.58 | 0.592 2.83 | 0.531 2091|0934 449
S 1 0.05 0.546 2.54 | 0.518 2.64 | 0.506 2.72 | 0.880 3.84
1 0.01 0.546 2.54 | 0.517 2.62 | 0.505 2.74 | 0.873 3.66

Table 4.5: Impact of different pose input in temporal mode.
model is in single-pair mode (no pose needed); “Identity” means identity matrix; “DROID-
SLAM" means pose estimated by DROID-SLAM (ORB-SLAMS3 fails on these 4 scenes); and

“Single-pair" denotes our

“GT+Noise" is the ground truth pose with manually added Gaussian noise.

proving the robustness of our model to inaccurate pose. 3) For outdoor scenes, since the view
change between frames is much smaller than indoor scenes, the accuracy drops negligibly even

when identity transformation is applied.

4.3.4 Evaluations on KITTI Benchmarks

To conclude, we run TemporalStereo on KITTI 2012 and KITTI 2015 test data and submit to

the online leaderboard.



Pretrain SF SF+Pseudo TartanAir+Pseudo

Method | CoEx | Ours | CoEx | Ours | CoEx | Ours | CoExf | Oursf
DI-BG | 1.79 | 2.17 | 1.73 | 1.89 | 1.74 | 1.89 | 1.71 1.61
DI-FG | 3.82 | 296 | 3.60 | 2.85 | 349 | 3.03 | 2.78 | 2.78
DI-ALL | 2.13 | 230 | 2.04 | 2.05 | 2.03 | 2.07 | 1.89 1.81

Table 4.6: Impact of pretraining. We study the importance of pretraining by evaluating the
D1 metric on KITTI 2015 test dataset. Results by both CoEx and Ours in single-pair and tempo-
ral mode () are reported accordingly. *SF’ and "TartanAir’ denotes SceneFlow and TartanAir
datasets respectively. ‘+Pseudo’ means further training on KITTI raw sequences with our gen-

erated pseudo label.

Pretraining. As KITTI is very challenging due the lack of a big training set, pretrain-
ing on SceneFlow dataset [135] is a common training schedule for deep learning-based stereo
methods [19, 29]. Recent methods [185, 254] also introduce extra data, e.g., HR-VS [254]],
to augment KITTI during training. Following the knowledge distillation strategy proposed in
AANet+ [246l], we augment the KITTI dataset by leveraging the prediction results from pre-
trained LEAStereo [29] to generate pseudo labels on KITTI raw sequences [49]. As a result,
we get 61 stereo video sequences (containing 42K pairs) with pseudo labels for pretraining, and
poses are calculated from the GPS/OXTS data on KITTI. We study the influence of different
pretraining strategies on the D1 metric on KITTI 2015 test dataset. As shown in Tab.4.6] com-
pared with CoEx [8]], our model in single-pair mode performs better in D1-FG and worse in
D1-ALL, D1-BG metrics when pretrained on SceneFlow dataset only. After further training on
pseudo labels, we get the almost same result as CoEx, which demonstrates our model requires
more data to achieve better performance. Replacing the SceneFlow dataset with TartanAir, both
the result of CoEx and ours in single-pair mode do not improve and achieve almost the same
accuracy, i.e., DI-ALL 2.03% for CoEx and 2.07% for ours. However, by leveraging tempo-
ral information, the temporal mode can boost the accuracy of both TemporalStereo and CoEx
further by a large margin, i.e.reducing D1-ALL to 1.81% and 1.89% respectively, supporting
the major impact of our temporal paradigm over the pseudo labels training. We also point out
that, despite the poses of KITTI raw sequences and KITTI 2015 are estimated by GPS/OXTS
data and ORBSLAM3 [16] respectively, TemporalStereo demonstrates its robustness to the pose
error again.

Tab. collects results achieved by a variety of deep stereo models, both on Scene Flow
and the KITTI online benchmarks. For KITTI, we report the error rates achieved by Tempo-
ralStereo, both in single-pair and temporal mode (Wy,., Wi, = 11), finetuned from models
pretrained on KITTI raw sequences [49]. In single-pair mode, our TemporalStereo achieves re-
sults already on par with state-of-the-art on all datasets. When switching to the temporal mode,
our network surpasses all fast stereo architectures by a large margin. In particular, our result
on D1-FG is even better than the one achieved by slow models [29, 270] running in hundreds
of milliseconds. It is worth mentioning that TemporalStereo in temporal mode, benefiting from
past semantic and geometric information, achieves better results compared to single-pair mode



SceneFlow [[135] KITTI 2012 KITTI 2015

Method EPE Reflective All D1
3PE  5PE | 3PE 5PE | BG FG ALL
PSMNet 1.09 10.18 5.64 | 1.89 1.15| 1.86 4.62 2.32
GwcNet-gc 0.77 9.28 522|170 1.03|1.74 393 2.11
GANet-Deep 0.78 792 441|1.60 1.02 | 148 346 1.81
AcfNet 0.87 852 528|154 1.01| 151 380 1.89
% LEAStereo 0.78 650 3.18| 145 088|140 291 1.65
=% ACVNet [245] 0.46 7.03 414|113 0.71 | 1.37 3.07 1.65
CFNet - 7.29 381|158 094|154 3.56 1.88
DWARF: - - - - - 320 394 333
DTF_SENSE{ [184] - - - - - 2.08 3.13 225
SENSE] [86] - - - - - 2.07 3.01 222
StereoNet 1.10 - - 6.02 - 430 745 4383
DeepPruner-Fast 0.97 - - - - 1232 391 259
AANet+ 0.72 9.10 5.12 1204 130 | 1.65 396 2.03
;% CoEx [8] 0.69 8.63 449|193 1.13|1.79 382 213
HITNet 0.53 754 401|189 129|174 320 1.98
Ours (single-pair) 0.53 6.99 352|194 1.08|1.89 285 2.05
Ours (temporal) - 6.14 3.08|1.61 0.88  1.61 278 1.81

Table 4.7: Comparison with state-of-the-art methods — slow and fast. We report results
of state-of-the-art methods on SceneFlow and KITTI. fast denotes models allowing real-time

inference. I means 3D scene flow-based methods.

Left Image , CoEx LEAStereo Ours(single-pair) Ours(temporal)

Figure 4.6: Results on KITTI 2015 and 2012 testing set. Compared to existing methods
29]], TemporalStereo exploits time to improve accuracy at occlusions (top) or texturless
regions (bottom). For the error maps on second and forth row, colder and darker color means

lower the error respectively.

on D1-FG metric (the D1 error on foreground areas, i.e., moving cars), which proves the ro-
bustness of our model to dynamic objects as well. The same advantage is also evident on 3PE
and SPE in reflective regions on KITTI 2012. Finally, we also compare with 3D scene flow
based state-of-the-art methods [11 186, [184], which project with dense 3D motion field and out-
put disparity. In contrast, simply using camera pose, our TemporalStereo is the obvious winner



in both accuracy and efficiency on KITTI 2015. Fig. 4.6]show qualitative comparisons between
existing networks [8, 29] and TemporalStereo, highlighting the benefits yielded by temporal
mode.

4.4 Conclusions

We presented TemporalStereo, a novel network devoted to fast stereo matching. The enhanced
coarse-to-fine design and sparse cost volumes allow for fast inference and high performance.
Moreover, TemporalStereo can exploit past information to ameliorate predictions, especially in
occluded regions. The same model, trained once, can handle either single or multiple stereo
pairs effectively. Considering the requirement of camera poses as its main limitation, empow-
ering our system with pose estimation will be our future research direction.



Chapter 5

Depth Super-Resolution from Explicit and
Implicit High-Frequency Features

The content of this chapter has been presented at the Computer Vision and Image Understanding
(CVIU) - “Depth Super-Resolution from Explicit and Implicit High-Frequency Features™ [163]].

5.1 Introduction

With the rise of consumer-grade depth cameras, depth maps are employed in various scenarios
such as 3D reconstruction [21}, 22], recognition [15] and more. Time-of-Flight (ToF) is one of
the leading technologies involved in depth sensing, measuring the distance traveled by emitted
rays until they reach points in the scenes. However, due to the limitations of physical fabrication,
power consumption and costs [7]], the resolution of depth maps usually is often insufficient
to fulfill the demand of the downstream applications, such as object detection [26] and pose
estimation [60]. In contrast, collecting RGB images at much higher resolution is cheaper. As
a result, the guided depth super-resolution task, known as GDSR, has emerged as a crucial
solution to this technological limitation, allowing to obtain an accurate high-resolution (HR)
depth map from a low-resolution (LR) one, guided by an HR image.

Initially, algorithms addressing this problem were classified into local [98, (170, 232} 258]]
and global [43], 52, 108, [151], with the former family being faster, yet suffering in low-textured
regions and the latter resulting more robust, at the expense of processing time. More recently,
deep neural networks have become the preferred choice for depth super-resolution [84, [107,
109, 128, 203l], although they still struggle to restore sharp and precise edges from LR depth
maps reliably, especially when dealing with large upsampling factors. This is mainly due to the
inadequate guidance provided by High-Frequency (HF) features, implicitly modeled by deep
networks, which frequently cause texture copying effects in the upsampled depth maps. In
addition, single-stage multi-scale architectures for this task [204, 237, 262, [301], at any given
scale, cannot fully leverage fine details encoded at the higher ones, as they are lost due to down-
sampling and only partially recovered through skip connections.

In light of the two weaknesses highlighted so far, we aim to improve GDSR by explicitly
countering them. For the former, we argue that explicit extraction of HF features, supported
by edge detection algorithms such as the Canny operator, can play a crucial role [237]. Con-
cerning the latter, multi-stage network design — which outperforms single-stage counterparts in

52
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Figure 5.1: Depth Super-Resolution exploiting explicit and implicit high-frequency fea-
tures. On the left, an overview of our framework, combining the power of both explicit and
implicit high-frequency information extracted from the inputs. On the right, qualitative exam-
ples with (a) RGB images, (b) ground truth depth and error maps by existing methods (¢ — d)

and ours (e).

high-level visual tasks like action segmentation [S1] and pose estimation [23]], as well as for
low-level vision problems such as image restoration [93) 267]] — can mitigate the information
loss issue. However, since features extracted from RGB images need to be considered in ad-
dition to depth features, existing multi-stage networks are inadequate for GDSR and should
be revised to fuse features from the two domains. Besides, only using explicit high-frequency
information derived from hand-crafted models is insufficient to obtain meaningful HF features
effectively. In addition, CNN models are usually more sensitive to low-frequency (LF) than HF
information [247]. Hence, additional clues (e.g., features in the frequency domain) are needed
for better super-solving LR depth maps.

We present a Depth Super-Resolution method leveraging both Explicit and Implicit HF
information (DSR-EI), which contains two branches: the High-Frequency Extraction Branch
(HFEB) and the Guided Depth Restoration Branch (GDRB). The former is designed to model
explicit HF features — i.e., hand-crafted edges — by exploiting dynamic self-calibrated con-
volutions (DSP) and the power of vision transformers blocks. The latter effectively fuses the
guidance from RGB features with depth features to obtain HR depth maps. This is achieved by
deploying two novel modules: 1) the Adaptive Feature Fusion Module (AFFM), which coun-
ters the HF information loss due to downsampling, and 2) the Low-Cut Filtering (LCF) module,
which acts in the frequency domain to improve implicit extraction of HF features. In contrast
to explicit features, implicit features are image representations extracted by convolutional lay-
ers. Exhaustive experiments on several standard datasets show the superiority of DSR-EI. In
summary, the main contributions are:

* The proposed architecture employs a novel efficient transformer for explicit, HF feature
extraction. The transformer can accurately capture image details and structures from
depth maps.

* In the guided depth restoration branch, we propose a low-cut filtering module that can
obtain accurate, implicit HF information.

* To counter the information loss issue, we propose an Adaptive Feature Fusion Module
located in the middle of the guided depth restoration branch.

* Quantitative and qualitative experimental results demonstrate that our approach estab-
lishes a new state-of-the-art in the field of guided depth super-resolution.

Fig. [5.1] provides a high-level view of our framework, followed by examples that anticipate the
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Figure 5.2: DSR-EI architecture. Rectangles with different colors depict different stages and

functions in each stage. Different colored arrows and lines indicate different data flows.

Figure 5.3: High-frequency information loss (factor 4x). From left to right, HR depth map
and its corresponding gradient map, followed by the gradient map from bicubic upsampled LR

depth map and LR depth map itself. HF information is mostly lost in the second gradient map.

superior accuracy achieved by DSR-EI compared to existing methods [40, 287].

5.2 DSR-EI Framework

In GDSR, HF information in color images — complementary to depth maps — is essential for
achieving high performance, which motivates us to seek an efficient method to extract it. In this
section, we present our framework that exploits explicit and implicit HF information for depth
super-resolution. Then, we introduce the two branches in our network: the High-Frequency
Extraction Branch (HFEB) and the Guided Depth Restoration Branch (GDRB).

Fig. shows an overview of our architecture. Given the LR depth map D;, € Rh>wx!
and the corresponding HR color image I, € R¥*W >3 we aim at restoring HR depth map D, ..
Note that H = s x hand W = s X w, where s denotes the upsampling factor — e.g., 4x, 8x
or even 16x. In our proposed network, the input depth map is firstly upsampled with bicubic
interpolation to the same size as [j,. At different scales, we denote the corresponding depth
maps and color images as Dlir and [,ir, respectively, with s = 2!, Then, according to the above
notation, the input images DY and I} are fed into the two branches, respectively. Before being
sent to GDRB, the RGB and depth images are respectively processed by a channel-attention
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Figure 5.4: DSP architecture. Differently from SCPA [285], our module processes features at

different scales, allowing to extract explicit HF information more effectively.

block (CAB) [2735]] and a low-cut filtering (LCF) module, which will be explained in detail in
Sec. [5.2.2

5.2.1 High-Frequency Extraction Branch (HFEB)

We argue HF information is crucial for effective super-resolving depth and is often lost by
upsampling. The primary goal of HFEB is to produce an accurate gradient map from an LR
depth map, with the support of a color image jointly processed with it.

Indeed, as pointed out in [237], networks for GDSR tend to focus more on depth disconti-
nuities or object boundaries. However, from Fig. [5.3] we can notice that even with a 4x factor,
most high-frequency information vanishes, as shown by the gradient maps extracted from HR
and upsampled LR depth maps, leading to severe degradation of the super-solved depth map.
Traditional methods tend to transfer texture to depth maps rather than structural details, failing
to extract accurate edges. Moreover, methods extracting binary edges [237] gather insufficient
high-frequency information, yielding sub-optimal results.

The work [162] has shown that transformer-based networks can extract clear and meaning-
ful edges by leveraging both global and local features simultaneously. Considering the sparsity
of edge maps, we design an efficient transformer, inspired by dynamic scale policy [223] and
self-attention [221], to obtain strong HF priors for guiding depth super-resolution. Specifically,
our transformer consists of a stack of blocks called dynamic self-calibrated convolution with
pixel attention (DSP) and one LightViT block [83]. To better extract HF features, we design
the DSP block, which is inspired by SCPA [2835] and performs self-calibrated convolution with
two branches at a single scale. However, unlike SCPA, our DSP block includes an additional
branch that enables the processing of features at different scales without incurring extra com-
putational burden, as we will demonstrate empirically in our experiments. Specifically, stacked
DSP blocks can be expressed as:

Py = FDSP(fDSP< ‘]:113513(‘1)0) ), 5.1



where FJJ'sp denotes the mapping of the m-th DSP block, m € [1, M|, ®; and @), are the in-
put/output features, respectively. As shown in Fig. each DSP block includes three branches:
the upper is the dynamic scale branch, the middle is the flat convolution branch, and the lower is
the pixel attention branch. Specifically, we employ three convolutions with 1 x 1 kernel to split
the channels, which are further processed by each branch. Note that the dynamic scale branch
needs to be downsampled before 1 x 1 convolution. Given the input ®,, ;, we obtain:

(I)}nfl = COTL’lel(((I)m,1> \l/) (52)
dF = Convii (Pn1), (5.3)

where ®! | is the output from the upper dynamic scale branch, k = 2, 3 denotes the features
of the other two branches, C'onv;,; is 1 X 1 convolution, and | is the downsampling operation.
Except for the pixel attention branch, which has features with half the total channels, the other
two branches process features with % of the channels each. Next, the pixel attention branch
obtains features through the pixel attention scheme [285]. In contrast, the other two branches
extract spatial information with a 3 x 3 flat convolution, followed by a 1 x 1 convolution to restore
the number of channels to be the same as the pixel attention branch. Note that the dynamic scale
branch needs upsampling after 1 x 1 convolution. Then, the features from the dynamic scale and
the flat convolution branches can be fused by summation. After concatenation of the features
followed by a 1 x 1 convolution, the DSP finally generates the output features ®,, in a residual
learning fashion. It can be written as follows:

®,, = Convyi (Convgys(®,, 1)) 1 (5.4)

P2 = Convixi (Convsys (P2, 1)) (5.5)

@, = Conugs(P;,_,) © o(Convia (®5,_4)) (5.6)
®, = Convsys(®3) (5.7)

D, = Convsys(DL, @ ®2), (5.8)

where o is the sigmoid function, ® and & are element-wise multiplication and element-wise
summation, respectively, and 1 denotes the upsampling operation. After concatenation of the
features <I>;n and (Iﬁ; followed by a 1 x 1 convolution, the DSP finally generates the output
features ®,, in a residual learning manner. This process can be expressed as follows:

®,, = Convy1 ([P, P ]) & Pp_y, (5.9)

where [-| perform concatenation.

To further enhance the feature representation of the subnetwork, we incorporate LightViT
[83] as the tail module, which utilizes local-global attention broadcast to aggregate information
from all tokens, allowing for the efficient integration of global dependencies of local tokens into
each image token. Finally, considering that the supervised attention module (SAM) [267] can
restore information progressively between stages/branches, we employ it to output the gradient
map E € RF*Wx1 and high-frequency features F4 € R7*"W > used respectively as inter-
mediate output — allowing for explicit supervision over edges — and as guidance for GDRB.
Under this lightweight design, HFEB can effectively still extract meaningful structural infor-
mation with different scale receptive fields.
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Figure 5.5: AFFM architecture, operating at middle scale. AFFMs for the remaining scales
follow the same design.

5.2.2 Guided Depth Restoration Branch (GDRB)

As shown in Fig.[5.2] GDRB, which is inspired by MPRNet [267], is composed of two stages,
and each one processes features at three scales, following a coarse-to-fine strategy [57, [176].
The two stages are implemented with standard U-net architectures [[172]. More specifically,
a cross-stage feature fusion module [267]] is deployed between the two, which proved to be
effective in image restoration and, in our design, allows GDRB to benefit from the intermediate
features extracted by HFEB. To prevent aliasing in downsampling, we employ content-aware
filtering layers (CAFL) [297] in the encoders. Besides, GDRB deploys some further SAM
blocks [267], allowing valuable features to propagate to the next stage. In addition to depth
features, the SAMs of the two stages also output depth maps D', and D!, to which intermediate
supervision is provided. Note that input images are downsampled to the lower stage using pixel
unshuffling to prevent information loss. Subsequently, the depth map output of this stage is
restored at high resolution by employing pixel shuffling.

Based on the above structure, we propose two novel modules: AFFM and LCF. The former
fuses gradient features between each encoder/decoder, while the latter supplements additional
HF information in an implicit manner.

Adaptive feature fusion module. Recent networks such as [204, 262] typically concatenate
RGB and depth features directly during feature fusion, followed by additional operations such
as channel attention [2735]] to capture useful information. In contrast, inspired by [124], we run
adaptive feature fusion through AFFM in two steps to strengthen the reconstruction of HF cues,
as illustrated in Fig. [5.5] We differentiate from [124] by using dynamic convolution [25] to
better aggregate depth and HR RGB features. In the first step, we generate dynamic weights
mi, ¢ = 0,1, 2, which are then assigned to features from different scales within the current stage.
Finally, we perform element-wise summation to obtain the feature maps F'. For clarity, the
figure shows the module working at the middle scale of the network as an example, with the
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Figure 5.6: Low-cut filtering module (LCF). LF features are extracted through DCT and

multi-spectral channel attention, and subtracted from the input to retain HF features.

others sharing the same design. The process is defined as follows:

F..= CO?’LU3X3(OORU1X1([FO |, F' F? 1)) (5.10)
{mo, 1, M2} = o (Avgpool(F..)) (5.11)
F=my - FOl+m - F'4+m- F21, (5.12)

where F',i = 0, 1,2 denotes the feature maps from the three scales, and |, 1 are respectively
downsampling and upsampling operators.

In the second step, gradient features F.4y from HFEB are concatenated with F'. Then,
per-pixel attention maps F};; are generated by a ResBlock [74]] followed by an average pooling
operation. These attention maps are then applied directly to the adaptively fused features F'
through element-wise multiplication operation. Finally, after 1 X 1 convolution, the attention-
guided features F,, are delivered to the corresponding scale of the current stage. In Fig.
the output is passed to the middle scale of the decoder. AFFMs working at the other scales send
their output to the corresponding scale in the decoder. This step can be formalized as follows:

/

F' = [Avgpool (Convsxs(Fegge)), F ] (5.13)
Fo = o(Avgpool(ResBlock(F"))) (5.14)
Fy = conyi(F' @ Fuy), (5.15)

where ® is an element-wise multiplication operation and F},,
middle scale.

Low-cut filtering module. The performance of our method greatly benefits from the ex-
plicit gradient information, but some valuable high-frequency information still vanishes. This
fact motivates us to consider extracting complementary information in the frequency domain.
As a common practice [17, [116], we use the low-frequency information of the discrete cosine
transform (DCT) to compress images. Based on the design approach proposed in [164], we
develop a filtering module utilizing feature decomposition in the frequency domain to extract
low-frequency components from the input. Specifically, we apply a 1 x 1 convolution followed
by a channel split to the input color image I} . Then, we can obtain assigned frequency com-
ponents from the output features [fy, f1,- - -, fn—1] after DCT. Thus, the multi-spectral channel
attention maps are generated by a fully connected layer and sigmoid activation. According to
[164], the low-frequency information is first assured to pass. Thus, we subtract such a low-
frequency component from the input features producing the complementary high-frequency

denotes the output features at the



features F,g. Fig.[5.6]illustrates LCF in detail. The high-frequency cues extracted from these
features enable GDRB to progressively super-resolve LR depth maps into HR ones.

Refinement. To enhance the depth quality further, we optionally feed our final output into
NLSPN [153] for refinement. This variant of the method is referred to as DSR-EI™.

5.2.3 Training Loss

Our network is trained in an end-to-end fashion using two loss terms: depth loss L, and gradient
loss L,. The depth loss is defined as:

Lo=|| Dsr = Dgt) L1+ Ag- | O, = Dyt) ST |1

. (5.16)

+ A | (D= Dyt )OI |1,
where Dy, is the ground truth depth, D,,, [D;T and D;’T are predicted depth maps from different
stages, and I is pixel validity, as defined in [40]. We empirically set \; = 0.2. Gradient loss L,
is computed on HEFB output, as:

Ly=| E = Ey |1, (5.17)

where E is the predicted gradient map and E; is the ground truth one, extracted according to
[124]]. Thus, the total loss can be defined as:

Liotal = La + g - Ly, (5.18)

with A, empirically set to 0.01.

5.3 Experimental Results

In this section, we validate the effectiveness of our proposal. We first introduce datasets, metrics
and implementation details involved in our evaluation. Then, we compare DSR-EI with state-
of-the-art methods, conduct an ablation study on our model and, finally, discuss its limitations.

5.3.1 Datasets and Metrics

We evaluate DSR-EI on four datasets, compared with existing methods when super-solving
depth maps by three different upsampling factors: 4x, 8x, and 16 x.

Middlebury [78, 178, [180, [181]. We train all learning-based methods using 50 RGB-D
images with ground truth from Middlebury 2005, 2006 and 2014 datasets. As in [40], we split
the datasets into 40 images for training, 5 images for validation, and the remaining 5 for testing.

NYUv2 [188]. It contains 1449 RGB-D images in total. Following [40]], we randomly split
it into 849 RGB-D images for the training set, 300 for the validation set, and 300 for the test
set. Compared to [121}262], it comes with a validation set to make the comparison fairer.

DIML [30, 94-96] consists of 2 million color images and corresponding depth maps from
indoor and outdoor scenes. We adopt the same strategy outlined in [40], i.e., considering only
the indoor data subset, and use 1440 for training, 169 for validation, and 503 for testing.



RGBDD [76] is a new real-world dataset for GDSR, which consists of 4811 image pairs.
For evaluation, we follow the protocol described in [76], using 2215 images (1586 portraits,
380 plants, 249 models) as the training set and 405 images (297 portraits, 68 plants, 40 models)
as the test set.

Metrics. Following [40], we compute mean square error (MSE / ¢m?) and mean absolute
error (MAE / ¢m) as metrics on Middlebury, NYUv2 and DIML. For RGBDD, we use root
mean square error (RMSE / cm) as in [[76].

5.3.2 Implementation Details

During training, the HR depth maps and the color images are randomly cropped into 256 x 256
patches. LR depth patches are generated by bicubic interpolation at 64 x 64, 32 x 32, 16 x 16
resolution for 4x, 8x and 16x factors, respectively. We randomly extract about 75K, 168K,
223K and 232K patches from Middlebury, NYUv2, DIML and RGBDD for training. Before
being fed to the network, depth maps and images are normalized in the [0, 1] range.

We use Pytorch [[155] to implement and train DSR-EI, on a single Nvidia RTX 3090 GPU.
The batch size is set to 4, using Adam as the optimizer. The learning rate is initialized to
1 x 107, then performing a 5-epoch warm-up and cosine annealing. We use random rotation,
horizontal/vertical flipping as data augmentation. According to the size of the four datasets,
we train our network for 1505, 198, 155 and 109 epochs on Middlebury, NYUv2, DIML and
RGBDD, respectively. When evaluating results on a specific dataset, we do not perform any pre-
training on the others. Following [40], testing is performed by processing 256 x 256 patches at a
time on Middlebury, NYUv2 and DIML for fairness, while full-resolution images are processed
for RGBDD.

Dataset Middlebury NYUv2 DIML

Methods 4% 8% 16 x 4x 8% 16 x 4x 8% 16 x
GF [73] 33.3/1.27 40.5/1.49 67.4/221 114/391 142/447 249/634 25.6/1.45 34.1/1.77 66.3/2.74
SD [72] 249/046 825/086 511/1.73 36.0/1.31 105/2.57 533/5.07 105/040 44.9/0.83 41.1/191
P2P [128] 39.8/0.79 32.7/0.82 415/1.24 112/3.61 122/3.86 219/540 20.7/1.15 23.0/1.26 39.3/1.78
MSG [84] 4137022 10.5/043 342/1.06 6.85/081 24.1/1.66 845/335 1.73/022 4.13/040 13.0/0.93
DKN [92] 429/0.18 11.2/038 476/142 11.4/1.03 298/1.82 115/401 3.47/033 547/045 193/1.20
FDKN [92] 3.60/0.16 10.4/037 385/1.18 9.07/0.85 29.9/1.80 113/395 2.20/023 595/047 20.8/1.24
PMBANet [262] 4.72/0.25 9.48/0.38 30.6/0.89 10.8/093 17.2/138 849/326 3.05/031 5.87/047 13.8/0.87
FDSR [76] 7.72/035 232/0.69 554/151 10.1/094 19.5/1.38 86.4/3.35 2.75/0.29 8.40/0.66 32.9/1.66
JIIF [204] 2.70/0.11 8.01/0.27 37.5/098 328/0.52 152/129 599/2.81 1.19/0.16 3.65/0.32 11.7/0.81
DCTNet [287] 5.00/0.24 15.1/0.57 523/150 3.63/0.68 209/1.79 77.0/3.61 2.09/031 7.08/0.65 23.4/1.75
LGR [40] 3.04/0.13 7.26/024 247/0.67 645/0.73 19.6/1.42 67.5/290 1.68/0.20 3.51/0.31 9.45/0.68
DADA [137] 2.58/0.11 5.68/0.20 16.3/0.48 4.83/0.64 16.6/130 59.0/2.64 1.33/0.17 2.93/0.28 7.61/0.59
DSR-EI 246/0.08 6.20/0.18 15.8/0.47 2.82/0.49 11.8/1.12 47.8/248 0.70/0.13 2.12/0.22 6.29/0.52
DSR-EIt 2.56/0.07 5.13/0.18 166/040 2.75/047 11.8/1.09 47.14/2.40 0.65/0.12 2.09/0.22 6.31/0.50

Table 5.1: Results on Middlebury, NYUv2 and DIML datasets. The lower the MSE and
MAE, the better.

5.3.3 Comparison with State-of-the-Art

We compare DSR-EI to GF (73], SD [72]], P2P [128], MSG [84], DKN and its fast imple-
mentation FDKN [92], PMBANet [262], FDSR [76], JIIF [204], DCTNet [287], LGR [40],



Methods 4 x 8 % 16x

SDF [107] 2.00 3.23 5.16
SVLRM [149] 3.39 5.59 8.28
DJF [107] 3.41 5.57 8.15
DJFR [109] 3.35 5.57 7.99
PAC [194] 1.25 1.98 3.49
CUNet [42] 1.18 1.95 3.45
DKN [92] 1.30 1.96 3.42
FDKN [92] 1.18 1.91 3.41
FDSR [76] 1.16 1.82 3.06
DCTNet [287] 1.07 1.78 3.18
DCSR [235] 1.23 1.66 2.56
JGF-M [226] 1.21 1.81 2.91
RSAG [266] 1.14 1.75 2.96
DSR-EI 0.91 1.37 2.10
DSR-EIT 0.91 1.38 2.10

Table 5.2: Results on RGBDD dataset. We report RMSE, the lower the better.

and finally to DADA [137] on Middlebury, NYUv2 and DIML datasets. We could not com-
pare with PDRNet [[121]] under the same setting because the source code was unavailable at the
time of testing. For the other methods, we use the results from [40] or the officially published
codes, and results from [137/, 266l for concurrent works. On the RGBDD dataset, the pro-
posed network is compared to SDF [107]], SVLRM [149], DJF [107], DJFR [109]], PAC [194]],
CUNet [42]], FDKN [92], DKN [92], FDSR [76], DCTNet [287], DCSR [235], JGF-M [226]
and RSAG [266]]. To be fair with DCTNet [287], we downsample depth maps as the LR input.
When reporting results, we highlight absolute and second best methods for each metric on each
dataset.

Quantitative Comparison. Tabs. and report the accuracy of super-solved depth
maps at factors 4x, 8x and 16x on the four datasets. As expected, learning-based methods
show a significant improvement over traditional methods [72} [73] [128]]. DSR-EI vastly outper-
forms any existing network, with larger gaps in accuracy with the increasing of the upsampling
factor. This can be attributed to the limitations affecting existing methods, i.e., 1) the guidance
of either explicit or implicit RGB features alone being insufficient; 2) multi-modal information
fusion on a single scale being not flexible enough to deal with complex scenes. Both limitations
are fully addressed by DSR-EI, which consistently outperforms concurrent works [137, 266].

The margin is consistent both on perfect (Middlebury) and noisy datasets (NYUv2, DIML,
RGBDD), with the latter being a more challenging, realistic benchmark. Although DSR-EI*
is definitely the absolute best, its margin over DSR-EI is negligible, with tiny gains yielded by
NLSPN with respect to our main modules. Indeed, DSR-EI alone consistently outperforms any
other approach already.

Qualitative Comparison. Fig. provides qualitative comparisons of the GDSR results
across multiple datasets, i.e., NYUv2, Middlebury, and DIML, which cover various types of
scenarios and noise levels. We can notice that our model can extract boundaries and details
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Figure 5.7: Qualitative comparison on the Middlebury, NYUv2, and DIML. From left to
right: (a) RGB image, (b) Bicubic upsampled depth map, (c¢) GT; then, error maps achieved
by selected methods: (d) PMBA [262], (e) FDSR [76], (f) JIIF [204], (g) DCTNet [287]], (h)
LGR [40]; finally, (i) error maps and (j) predictions by DSR-EI.

RGBDD

(a) RGB (b) Bicubic (¢) GT (d) FDKN (e) FDSR (f) DCTnet (g) DSR-EI  (h) DSR-EI (depth)

Figure 5.8: Qualitative comparison on the RGBDD dataset. From left to right: (a) RGB im-
age, (b) Bicubic upsampled depth map, (c) GT; then, error maps achieved by selected methods:
(d) FDKN [92], (e) FDSR [76], (f) DCTNet [287]; finally, (g) error maps and (h) predictions by
DSR-EL

from the RGB image more accurately. Specifically, on the depth discontinuities in the two
topmost rows, DSR-EI™ introduces fewer artifacts around the edges of objects where specular
reflections occur, which means that our network is more robust in removing texture-copy effects
from RGB images compared with other methods. On the two samples selected from NYUv2,
our network produces fewer errors in recovering fine structures and details. For example, in the
fourth row of this figure, there are many tiny objects whose shape and structure are degraded due
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Figure 5.9: Visual comparison on cross-dataset generalization (scaling factor 8x). The
top, middle and last row show the error maps on the DIML dataset, the Middlebury-HR dataset
and the Middlebury-LR dataset, respectively. From left to right: (a) RGB image, (b) Bicubic
upsampled depth map, (c) GT; then, error maps achieved by selected methods: (d) PMBA [262],
(e) FDSR [76], (f) JIIF [204], (g) DCTNet [287]], (h) LGR [40]; finally, (i) error maps and (j)
predictions by DSR-EI.

to downsampling. Other methods may produce artifacts and inaccurate depth boundaries, while
our method has a clear advantage in recovering fine-grained depth details. Fig. [5.8]also reports
two examples on the RGBDD dataset. In this case, we notice fewer errors in the background,
e.g., on the curtain.

Methods DIML Middlebury-HR Middlebury-LR
GF [73] 34.1/1.77 40.5/1.49 25.6/2.31
SD [72] 44.9/0.83 82.5/0.86 28.8/2.07
P2P [128] 23.0/1.26 32.7/0.82 15.8/1.73
MSG [84] 5.76 /0.51 11.0/0.54 8.89/1.62
FDKN [92] 6.74/0.53 10.0/0.43 5.5470.99
PMBANet [262] 7.35/0.59 9.62/0.46 4.16/0.91
FDSR [76] 7.7370.74 18.4/0.73 6.92/1.09
JIIF [204] 4.10/0.38 19.3/0.74 4.40/0.92
DCTNet [287] 5.64/0.77 17.570.77 6.96/1.15
LGR [40] 4.9570.40 8.25/0.35 594 /1.11
DSR-EIt 3.72/0.36 14.6/0.54 3.44/0.87

Table 5.3: Cross-dataset generalization. All methods are trained on NYUv2 and tested on
DIML/Middlebury with factor 8 x. Middlebury-HR is the test set defined in [40], Middlebury-
LR is the one from [204]]. The lower MSE and MAE, the better.

Cross-dataset Generalization. We conclude the comparison with existing methods by
conducting cross-dataset experiments with 8 x factor. All methods are trained on the NYUv2



dataset and directly evaluated on DIML and Middlebury. Tab. [5.3] collects quantitative results
for the 11 selected methods. Again, CNN-based methods attain better performance than tradi-
tional approaches, despite the domain gap playing a significant role in performance — as evident
by comparing results with Tab. [5.3] Nonetheless, DSR-EI outperforms any other framework on
DIML.

When considering the Middlebury dataset, we evaluate using the setting proposed in [40]
— Middlebury-HR in the table. In this case, our results are slightly less accurate compared to
a few existing methods. However, given the very high resolution of Middlebury images, we
argue that this testing protocol — i.e., consisting of processing 256 X 256 crops at a time — pe-
nalizes our network’s ability to leverage the global context in the input that results irremediably
reduced to a very local area in these images. Therefore, we also evaluate on Middlebury test set
defined by [204] — Middlebury-LR in the table. Note that different subsets of images are used
in Middlebury-HR and Middlebury-LR splits. Besides, Middlebury-LR images are resized and
processed without cropping, i.e., used at full-size after resizing, allowing to fully exploit global
context, while this is not feasible with Middlebury-HR due to memory constraints. In this case,
DSR-EI attains the best performance again, confirming our previous analysis, as shown in Tab.
[5.3] Such a difference in terms of context is highlighted in Fig. [5.10]

(a) RGB (b) Dy (©) Dy

Figure 5.10: Image context processed on Middlebury — HR vs LR. (a) RGB image and depth
patches D processed when testing on (b) Middlebury-HR and (c) Middlebury-LR.

v\ﬁﬁﬂﬂ
(a) (b) (c)

(d) (e) ®

Figure 5.11: Visual exhibition of high-frequency features generated from HFEB. (a) RGB
image, (b) GT, (c) Bicubic, (d)-(f) high-frequency features.



(d) (e) ®

Figure 5.12: Visual exhibition of shallow high-frequency features generated from LCEF. (a)
RGB image, (b) GT, (c) Bicubic, (d)-(f) high-frequency features.

5.3.4 Ablation Study

We now perform a series of ablation experiments to measure the impact of key components
and parameters in DSR-EI. We collects the outcome of these studies, conducted on NYUv2
test set with 8 factor. Without loss of fairness, NLSPN is never used here — to fully focus
on the impact of single components. The configurations marked in gray in Tab. [5.4} Tab. [5.10]
correspond to our final model without NLSPN.

(a) Implicit vs Explicit High-Frequency Features. To measure the impact of both implicit
and explicit HR features, we compare the performance of the proposed network and its variants
when extracting either only one of the two. The quantitative results are collected in Tab. [5.4]
Without the help of gradient maps (I), the performance of the network significantly degrades.
We believe this is caused by the difficulty in effectively extracting fine structures or salient
edges required for LR depth maps from implicit HF features alone. Moreover, explicit features
highlight regions in the image that need to be focused on, avoiding DSR-EI to learn to localize
them and easing its task. Fig.[5.11]shows three among the high-frequency features .4 from
a representative sample. We can notice how each of the three mainly emphasizes object bound-
aries, confirming the effectiveness of HFEB at extracting gradient information. At the same
time, we can notice how the input RGB images expose very low texture, further confirming the
effectiveness of HFEB at localizing high-frequency information.

Nonetheless, explicit HF features alone as guidance (II) are insufficient as well. We argue
that the explicit information might neglect some RGB features, whereas implicit HF feature
extraction can recover them. Furthermore, to verify the effectiveness of LCF, we replace it
with ResBlock [74] (IIT) and CAB [275] (IV) to extract shallow features from RGB images,
highlighting a negative impact on implicit features extraction —i.e., they result less accurate than
(II) in terms of MAE. Fig. [5.12] shows some of the features extracted by LCF. We can notice
how, in addition to the primary high-frequency information, other information is encoded, such
as semantics, which can further provide support for the explicit high-frequency information
extracted in parallel by HFEB and improve the guidance for the final, depth super-resolution
task.

(b) Ablation on Explicit High-Frequency Features. Based on the previous analysis,
HFEB can significantly improve the network. To determine which high-frequency informa-
tion is more suitable as guidance for GDSR, we experiment with five kinds of edge maps used
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No. Gradient LCF CAB ResBlock MSE MAE
Feature

10 X v v 131 119

(I v X 124  1.14

(1) v v v 123 115

av) v v v 122 115

W) v v v 11.8 112

Table 5.4: Abaltion study — high-frequency information. Scale 8.

No. HF Information MSE MAE

€8} Canny Edge 2.82/12.0 0.49/1.13
In Gaussian Edge 2.84/12.1 0.52/1.16
(IIm) DCT 2.82/12.1 0.50/1.15
av) Wavelet Transform 2.83/12.1 0.50/1.15
V) Gradient Map 2.82/11.8 0.49/1.12

Table 5.5: Different configurations for HR information. Scale 4 x / 8x.

as ground truth £, to train HFEB with scaling factors of 4x and 8 x : (1) the Canny edge map,
(2) the Gaussian high-frequency map, (3) the high-frequency map generated by discrete cosine
transform, (4) the high-frequency wavelet map and (5) the gradient map, as shown in Table[5.5]
The Gaussian high-frequency map is obtained using a Gaussian filter, as detailed in [237/]]. Ta-
ble [5.5| reports the outcome of the evaluation. From it, we can see that the Canny edge and the
gradient map allow for better performance. Although DSR-EI with the gradient map attains the
best results in terms of MSE and MAE with the scaling factors of 8%, the different types of
high-frequency maps do not significantly affect the final upsampling result.

No. Config. Params (M) Flops (G) MSE MAE
€8} EdgeNet 5.78 95.6 12.0 1.12
n SCPA 0.29 13.1 12.5 1.16
(III) HFEB 0.27 11.6 11.8 1.12

Table 5.6: Effectiveness of HFEB. Scale 8 x.

(c) Impact of HFEB. To verify the effectiveness of HFEB, we replace it with EdgeNet [[124]]
— based on the widely-used U-net structure — and SCPA [285]], which inspires our scaling strat-
egy. As shown in Table[5.6] although the parameter size of EdgeNet is 5.6M, its performance is
almost the same as our HFEB, while the parameter size of our network is only 0.7M, i.e. only
% of it. This fact highlights that our network based on a transformer is more efficient at feature
extraction.

Besides, unlike previous works that employ fixed feature scaling rules, we adopt a dynamic
scaling strategy to extract high-frequency features from depth maps. Table [5.6] also shows that
our DSP with the dynamic scale strategy decreases the number of parameters while simultane-
ously enhancing the performance of GDSR. Compared to the original SCPA [285], DSP can
perform dynamic scaling according to the characteristics of the feature map to get a more effec-
tive receptive field.

(d) Impact of AFFM. We now measure the effectiveness of AFFM. Tab. shows results



Figure 5.13: Visual exhibition of attention maps generated from AFFM. (a) RGB image,
(b) GT, (c) Bicubic, (d)-(h) attention maps.

No. Scales Params (M) MSE MAE
(0] H1 1.5 12.3 1.14
(ID) H1, H2 3.0 11.8 1.12
(1) H1, H2, H3 45 11.8 1.12

Table 5.7: The impact of scales at which AFFM is applied.

obtained by deploying AFFM at different scales, respectively the highest (1), the first two (II)
and all of the three scales. We can notice how performing fusion at the highest scale alone
results insufficient, whereas using multi-scale features for fusion yields improvements, despite
saturating already when using two scales, with the lowest one not providing additional, mean-
ingful details to be taken into account.

No. Config. Params (M) MSE MAE
€8} w/o AFFM - 12.7 1.16
I w/o att 13 12.2 1.13
(11D Concat. 4.5 12.2 1.13
av) AFFM 3.0 11.8 1.12

Table 5.8: Ablation study of AFFM. Scale 8 x.

Furthermore, we ablate AFFM in its single components. Tab. [5.§ resumes the outcome of
this evaluation. We first test the performance of DSR-EI without AFFM (1), highlighting a large
drop in accuracy. By adding dynamic fusion, yet without using attention (II) vastly improves
the results already, while replacing the weighted sum in the upper of Fig.[5.5| with concatenation
and a ResBlock [[74] (IIT) yields worse results compared to our full AFFM (IV).

Fig. [5.13] visualizes the attention maps produced by AFFM, highlighting how sharp and
accurate they are in correspondence with depth discontinuities, tiny objects, and fine details.
Thus, thanks to them AFFM can better focus on reconstructing depth boundaries and details
more accurately.

(e) Ablation on LightViT and CAFL. Previous ablations allowed us to highlight the ef-
fectiveness of our designed components to some extent. Nonetheless, we conduct further ex-
periments to thoroughly investigate the effect of existing components, LightViT and CAFL. As



No. LightViT CALF MSE MAE

@ X X 12.6 1.17
an v X 12.3 1.15
(IID) X v 12.0 1.14
) v v 11.8 1.12

Table 5.9: Effect of LightViT and CAFL. Scale 8x.

shown in Table [5.9] using either LightViT (II) or CALF (III) improves the performance of the
model over Case (I). Finally, the model attains the best results when using both components,
further demonstrating their effectiveness in our final model.

No. Stages Params (M) MSE MAE
(0] 1 14.2 13.3 1.19
(I 2 25.0 11.8 1.12
(1) 3 37.5 11.6 1.10

Table 5.10: Comparisons with different stage numbers. Scale 8x.

(f) Impact of Stages Number. To conclude, we evaluate the impact of the multi-stage de-
sign. As shown in Tab.[5.10] a single-stage architecture (I) is vastly outperformed by deploying
two stages (II), yet at the expense of doubling the number of parameters. Furthermore, while
the three-stage architecture (III) still yields some improvement, the benefit is minor in com-
parison to the significant increase in parameters. Hence, we choose two stages as the default
configuration to balance accuracy and efficiency.

(2) Results on full-size images. In Tab.[5.1]and[5.2] we reported the results achieved by our
model when processing 256 x 256 patches, to allow for a fair comparison with LGR [40] and
DADA [137]. However, this irremediably reduces the global context processed by DSR-EI, hin-
dering its capacity to exploit it enabled by the transformer blocks similar to what was observed
in the generalization experiment on Middlebury (Tab. 4). In this section, we demonstrate how
processing larger images allows DSR-EI to further improve its performance. TabJ5.11] com-
pares the results achieved when switching from 256 x 256 patches to the full resolution images
of DIML and NYUv2 —i.e., 1344 x 756 and 640 x 480, respectively. We can notice consistent
improvements, particularly when dealing with larger upsampling factors.

Method Size DIML Size NYUv2
4x 8x 16 % 4x 8x 16x
DSR-EI* 256 %256 0.65/0.12 2.09/0.22 6.31/0.50 256x256 2.7570.47 11.8/1.09 47.1/2.40

1344 <756 0.58/0.12 1.91/0.20 5.15/0.45 640x480 1.93/0.39 8.14/0.89 33.0/2.02

Table 5.11: Results on NYUv2 and DIML dataset — different input sizes. We report MSE
(cm?) / MAE (cm), the lower the better.



5.3.5 Limitations

We conclude by listing a few limitations of DSR-EI. As previously pointed out, global context
is crucial for it to achieve the best performance. When this is unavailable, some accuracy is lost
when generalizing across datasets. Moreover, the significant improvements over existing meth-
ods are paid for in terms of time/memory requirements. Tab. highlights the higher runtime
and, more evidently, peak memory usage. Future work will aim at reducing the overhead, while
minimizing the drop in accuracy.

Params (M) Runtime (ms) Plzgi(nz(()}rl};)
PMBANet [262] 35.5 26.9 3.07
FDSR [76] 0.67 1.03 2.05
JIIF [204] 10.8 89.8 2.36
DCTNet [287] 0.04 9.03 0.26
LGR [40] 32.5 26.4 0.19
Ours 25.0 51.5 18.6

Table 5.12: Computational requirements at inference. Experiments on Nvidia RTX 3090
GPU, with 256 x 256 input and 8 x factor.

5.4 Conclusion

We proposed DSR-EI, a depth super-resolution network, which includes a high-frequency ex-
traction branch (HFEB) and a guided depth restoration branch (GDRB). Specifically, imple-
mented as an efficient transformer, HFEB extracts explicit HF features. Then, GDRB deploys
a two-stage encoder-decoder network to recover HR depth maps progressively, by adaptively
fusing discriminative features while supplementing additional, implicit HF information. Ex-
haustive experiments demonstrate that DSR-EI sets a new state-of-the-art for guided depth
super-resolution.



Chapter 6

Global Optimization for Consistent 3D
Instant Reconstruction

The content of this chapter has been presented at the Proceedings of the IEEE/CVF Interna-
tional Conference on Computer Vision (ICCV 2023) - “GO-SLAM: Global Optimization for
Consistent 3D Instant Reconstruction” [[280]].

6.1 Introduction

The demand for high-fidelity 3D object and scene reconstructions grows continuously in various
fields, including robotics and augmented/virtual reality applications. Thus, faithfully represent-
ing objects and scenes in three-dimensional space is paramount to modeling them as continuous
surfaces rather than discrete points. However, despite the significant advancements in 3D recon-
struction techniques, obtaining high-quality representations in real-time without compromising
accuracy and spatial resolution remains challenging. This fact is further demanding in online
reconstruction scenarios, where handling camera motions and achieving real-time performance
are critical.

Dense visual Simultaneous Localization and Mapping (SLAM) systems [38, 145,183,239,
249] have been introduced recently, enabling real-time, dense indoor scene reconstructions us-
ing RGB-D sensors. In particular, BundleFusion [38]] is the first volumetric approach that fo-
cuses on globally consistent 3D reconstruction on large-scale scenes at a real-time rate. How-
ever, consumer depth sensors have a limited working range [37,183] and could yield extremely
noisy [187] measurements. These issues make the representation mapped by RGB-D SLAM
suffer from blurring or over-smoothed geometric details, degrading the accuracy of pose esti-
mation and reconstruction. In parallel, scene reconstruction from monocular imagery is emerg-
ing as a more convenient solution compared to RGB-D or LiDAR sensors. Camera sensors
are lightweight, inexpensive, and represent the most straightforward configuration. Several
deep-learning approaches [13}, 136, [183) 208} 209, 211, 290] have advanced monocular 3D re-
construction. However, their surface representations — point cloud, surfel-based and volumetric
representations — lack flexibility at shape extraction and thus inhibit high-fidelity reconstruction.

More recently, the advent of Neural Radiance Fields (NeRFs) also impacted dense visual
SLAM, offering photometrically accurate 3D representations of the world. The implicit repre-
sentation yielded by continuous radiance fields allows for high-quality rendering of both visible

70
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Figure 6.1: 3D Reconstruction and trajectory error on scene0054_00 (ScanNet [37]). From left to
right: RGB-D methods (iMAP [195]], NICE-SLAM [295]], DROID-SLAM [211]] and ours), ground truth
scan, and monocular methods (DROID-SLAM [211]] and ours).

and occluded regions, enabling extraction of the underlying shapes at arbitrary resolution. Re-
cent [81, [195] 295]] and concurrent [33, 104, 173, [296]] works demonstrate that NeRF-based
visual SLAM can yield precise 3D reconstructions and camera pose estimation in small-scale
scenes. However, due to the lack of global online optimization, such as loop closure (LC)
and global bundle adjustment (BA), camera drift error accumulates as the number of processed
frames grows, and the 3D reconstruction quickly collapses, as shown in Fig.[6.1]

Purposely, we introduce GO-SLAM, a deep-learning-based SLAM system featuring on-
the-fly, globally consistent 3D reconstruction, facilitated by our robust camera tracking and
real-time implicit surface updates. As real-world 3D scenes may be very complex, drifting can-
not be completely avoided by only locally tracking camera motion, especially in the monocular
camera setting, due to the lack of explicit depth measurements. In addition to the local regis-
tration commonly performed by current SLAM systems, we present an efficient loop closing to
correct trajectory in real-time, accompanied by an online full BA module to actively optimize
the 3D geometry of the complete keyframes history. In contrast to previous works performing
BA or LC with sparse visual features [16} 136,138, [142]], our end-to-end global optimization pro-
cedure is naturally robust to challenging regions, thanks to richer features and geometry cues
(e.g., pixel-wise flow) learned by neural networks. Furthermore, GO-SLAM implements in-
stant mapping based on a neural implicit network with multi-resolution hash encoding [140].
Its compact, multiscale representation enables updating the 3D reconstruction at high-frequency
according to newly-optimized camera poses and depths from our global optimization system,
thus ensuring global consistency in the dense map and capturing local details. Our contributions
can be resumed as follows:

* A novel deep-learning-based, real-time global pose optimization system that considers
the complete history of input frames and continuously aligns all poses.

* An efficient alignment strategy that enables instantaneous loop closures and correction of
global structure, being both memory and time efficient.

* An instant 3D implicit reconstruction approach, enabling on-the-fly and continuous 3D
model update with the latest global pose estimates. This strategy facilitates real-time 3D
reconstructions.

* The first deep-learning architecture for joint robust pose estimation and dense 3D recon-
struction suited for any setup: monocular, stereo, or RGB-D cameras.
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Figure 6.2: Architecture Overview. Our GO-SLAM framework consists of three parallel
threads (a): front-end tracking (including keyframe initialization and loop closing), back-end
tracking, and instant mapping. The front-end tracking thread uses the video stream as input and
iteratively updates the pose and depth of the current frame while determining whether it should
be promoted as a new keyframe. Moreover, it also actively performs efficient loop closing
(b). The back-end tracking thread focuses on generating globally consistent pose and depth
predictions through full bundle adjustment (c). Simultaneously, instant mapping updates the

3D reconstruction on-the-fly according to the latest geometry changes.

6.2 Method

Our GO-SLAM framework, depicted in Fig. [6.2] uses a keyframe-based SLAM paradigm to
achieve real-time, globally-consistent 3D reconstruction. This is made possible by the online
drift-corrected pose tracking and instant mapping capabilities of our system. By performing full
bundle adjustment and loop closing, pose optimization can be carried out globally. Meanwhile,
instant mapping adapts to continuous changes in optimized global poses and depths.

6.2.1 Tracking with Global Optimization

Loop closing and global bundle adjustment are crucial for robust pose estimation and long-term
map consistency. In this work, we extend the tracking component of DROID-SLAM [211] by
several key features. These enhancements effectively reduce the drift and pave the way for a
globally optimal map. In the front-end tracking, we initialize a keyframe if sufficient motion
is observed — there, we also introduce LC — while the back-end is equipped with full BA for
online global refinement. Fig. [6.3] shows the effect of both LC and BA on tracking and 3D
reconstruction qualitatively, correcting the large errors occurring in their absence.

Front-End Tracking. Our system takes as input a live video stream, which can be either
monocular, stereo, or RGB-D, and applies a recurrent update operator based on RAFT [210] to
compute the optical flow of each new frame compared to the last keyframe. If the average flow
is larger than a predefined threshold 7y, a new keyframe is created out of the current frame
and added to the maintained keyframe buffer for further refinement.

We use the set of keyframes {KF} %" created so far to build a keyframe-graph (V, )
for performing LC. This process involves two steps: (1) select high co-visibility connections
between the most recent V,.,; keyframes, and (2) detect loop closures between local keyframes
and historical keyframes outside the local window. Accordingly, we compute a co-visibility
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Figure 6.3: Qualitatives examples of LC and full BA on scene0054_00 (ScanNet [37]) with
a total of 6629 frames. In (a), a significant error accumulates when no global optimization is
available. With loop closing (b), the system is able to eliminate the trajectory error using global
geometry. Additionally, online full BA optimizes (c) the poses of all existing keyframes. The
final model (d), which integrates both loop closing and full BA, achieves a more complete and

accurate 3D model prediction.

matrix of size Ny,cq; X N between N, local keyframes and all the Ny created keyframes
to find valuable edge connections, as shown in Fig. [6.2] (b). In practice, the co-visibility is
represented by the mean rigid flow between keyframe pairs using efficient back-projection,
and those with low co-visibility, i.e., mean flow larger than 7, are filtered out. Among local
keyframes — the red-borders sub-matrix in Fig. [6.2] (b) — we build edges for keyframe pairs
temporally adjacent or with high co-visibility. To avoid redundancy, once an edge connection
(e.g., KF; <»KF;) is added to the keyframe-graph, we suppress all possible neighboring edges
between {KFk};:;?i,f;i .., and {KF} ?;;lj;li _» Where 7, is a hyper-parameter denoting a
temporal radius. The loop detection step is quite similar. We sample edges from the unexplored
part of the co-visibility matrix in descending order of co-visibility and suppress neighboring
edges with radius 74,,,. More strictly, to accept a loop candidate, we detect consecutively three
loop candidates and validate them if their mean flow is lower than 7.,. The value of 74, 18
determined empirically based on the observation that keyframes within a local window observe
almost the same scene. We set 7, t0 Al tecal - which allows for only one loop closure between
the recent local region and one revisited region. In addition to the edge connections within
local keyframes, several extra loop edges can be added to the keyframe graph depending on
how many times the current local region is revisited. In general, the number of edges in the
graph is linear to Nj,.,; With an upper-bound Nicqi X Njpear + few loop closures. Through
neighborhood suppression and co-visibility filtering, we further limit the number of edges in
the keyframe-graph to s.qgc - Vjocal, SO that the efficiency of optimization of the entire keyframe
graph, i.e., the whole front-end tracking, can be further ensured.

Afterward, we use the differentiable Dense Bundle Adjustment (DBA) layer proposed in
[211] to solve a non-linear Least Squares optimization problem over the cost function to correct




the camera pose G € SFE(3) and inverse depth d € Rf “W of each keyframe in the keyframe-
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where (i, j) € € denotes any edge in keyframe-graph, I1. and II ! are the projection and back-
projection functions, p; is the back-projected pixel position from keyframe KF;, G;; is the pose
transformation from KF; to KF}, pz‘j and w;; are estimated flow and associated confidence
map, ¥;; = diag w;; and ||-||; is the Mahalanobis distance which weights the error terms based
on the confidence weights w;;. The cost function allows the update of camera poses and dense
per-pixel depth to maximize their compatibility with flow p;; predicted by the recurrent update
operator. For the sake of efficiency, we only compute the Jacobians with respect to the depths
and poses of the local keyframes. After computing residuals and Jacobians at each iteration,
a damped Gauss-Newton algorithm is applied to find the optimal poses and depths of all local
keyframes.

Back-End Tracking. Simultaneously optimizing overall historical keyframes can be com-
putationally expensive, as observed in [[16} 142, 211]]. To address this issue, we follow a similar
approach as previous SLAM algorithms [[16} [142] by running the full BA online in a separate
thread, allowing the system to continue tracking new frames and loop closing. Similarly to
the proposed front-end tracking, we start a new keyframe-graph and insert keyframe pairs with
high co-visibility, as well as temporal adjacent keyframes, as shown in Fig.[6.2](c). When a new
edge is built, we suppress the redundant neighboring edges with radius 70, As the trajectory
error of the latest keyframes has been corrected with global geometry featured by loop closing,
it eases the real-time requirement for the full BA. Our proposed full BA is efficient up to tens
of thousands of input frames, as shown in Fig.[6.4]

6.2.2 Instant Mapping

The proposed instant mapping aims at updating the global 3D reconstruction in real-time by
incorporating newly-optimized geometry from tracking. However, this goal presents two chal-
lenges for the mapping thread: i) ensuring that the updated reconstruction remains globally
consistent, and ii) enabling fast rendering of the reconstructed scene. Updating all existing
keyframes at once is the simplest approach to ensure global consistency, but it can quickly be-
come impractical as the number of keyframes increases. Therefore, it is crucial to prune the
keyframe candidates for updating selectively. Additionally, high-speed rendering of the scene
1s necessary to meet real-time requirements. To achieve these goals, we introduce our novel
keyframe selection strategy and discuss our use of spatial hashing [140] and rendering networks
in the remainder.

Keyframe Selection. At the beginning of each update of the 3D reconstruction, the instant
mapping thread first takes a snapshot of all existing keyframe poses and depths tracked, to en-
sure that the geometry remains consistent during the mapping period. For keyframe selection,
we prioritize those with the most relevant optimization updates, following the principle estab-
lished by previous works [38]. Firstly, we ensure that the latest two keyframes and those not
optimized by mapping are always included. In addition, following [38]], we sort all keyframes in
descending order of pose difference between the current and last updated state and select the top
10 keyframes from the sorted list when accessing. Furthermore, to prevent the mapping from



”
o
S
g
sS4
()
X
°
@
N
E
B 2
o
c
D
i ‘ “ “h
0 I ‘ ‘H” 1 ‘ L
1000 2000 3000 4000 5000 6000
# Frames

Figure 6.4: Number of unoptimized keyframes at each timestamp with full BA. Experiment
on scene0054_00 (ScanNet [37]]) with 6629 frames (357 total keyframes).

forgetting previous 3D geometry, we also select 10 keyframes using a stratified sampling
from all the available keyframes.

Rendering. Drawing inspiration from the recent advancements in implicit neural network
techniques [139] — Instant-NGP [140] in particular — we can construct 3D models from scratch
with remarkable speed and accuracy. Specifically, given depth D (converted from inverse depth
d), pose G, and image I for each selected keyframe, we randomly select M pixels for training.
We then generate N,q, = Nytyq1+Nimyp total sampling points along the emitted ray crossing each
pixel, where N, points are sampled using stratified sampling and V;,,,,, points are selected
near the depth value following [295]. For each 3D sampling point x, we map it to multi-
resolution hash encodings [140] he,,., (x) with trainable encoding parameters O}, at each
entry of the hash table. As the hash encodings he,_, (x) have explicitly stored the geometric
and intensity information for each spatial position, we can predict a signed distance function
(SDF) ®(x) and color 2(x) using shallow networks.

More specifically, our SDF network fe_,., which consists of a single multi-layer percep-
tron (MLP) with learnable parameters O, takes the point position x and corresponding hash
encodings he,,,, (x) as input and predicts the SDF as:

@(X), g = f@mf <X7 h®hash (X))’ (6.2)

with g being the learned geometry feature vector. The color network fo , processes g, x and

the gradient of SDF n with respect to x to estimate color €2(x) as:

color

Q<X) = fecolor (Xv n, g)' (6.3)

where O, is the set of learnable parameters of the color network, i.e., a two-layer MLP as
shown in Fig.[6.5]

The depth and color of each pixel/ray are calculated by unbiased volume rendering following
NeusS [227]. Specifically, for point x;, ¢ € {1,--- , N,4,} along a ray, given the camera center
o, view direction v, and sampled depth D", it can be formulated as x; = o + D;"v. At the
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Figure 6.5: Details of rendering networks.

same time, the unbiased ray termination probability at this point is modeled as w; = aiﬂé;ll (1—
«;), where the opacity value «; is computed as:

L (ol®(x) — o(P(xis))
n ( o (@) ’O)' (6.4)

where o is the modulated Sigmoid function [227]. With the weight w, the predictions of pixel-
wise color ¢ and depth D are accumulated along the ray:

Nray

Z (i), D= wD™. (6.5)
i=1

=1

Training Losses. To optimize the rendering networks, taking keyframe image I and depth
D as ground truth, the RGB and depth losses L. and L., imposed on the selected M pixels are

L.= ﬁZ%zl |Cm — €, € € Tand

D,, — D,
Liey = Z' ] (6.6)

m:l A /Dvar
Nray

respectively, with D2 = SV (D, — D;+%)? being the predicted depth variance used
for down-weighting uncertain regions in the reconstructed geometry [[195, [295]. Furthermore,
we also introduce regularization to the predicted SDF, following [148} 225]. Specifically, to
encourage the gradient of SDF to unit length, we adopt the Eikonal term [65]]:

— ||l ])? (6.7)

e'Lk MNray o
Besides, to supervise the SDF for accurate surface reconstructions, we approximate the ground
truth SDF of sampling point x; by computing its distance to the keyframe’s depth D,,, i.e.,
b(x;) = D,, — D,}. For SDF learning, we have |®(x;)| < [b(x;)|,Vx;. To satisfy this
bound, for near-surface points (|b(x;)| < Tyrune, Where Tyunc s a hyper-parameter denoted the



truncation threshold, set to 16cm), the SDF loss is defined as L., = |®(x;) — b(x;)|, while
for elsewhere, i.e., free space, we apply a relaxed loss:

Ljree = max (e 72 — 1, & (x;) — b(x;),0) (6.8)

where [ is a hyper-parameter to apply a penalty when the predicted SDF ®(x;) is negative in
free space. Therefore, our full SDF loss is defined as:

_ 1 'Cnea’r if |b(xz)| S Terunc
Loy = MN,q, Z{ L otherwise. 6.9)

Our instant mapping thread continuously optimizes the scene reconstruction over all sam-
pled pixels of all selected keyframes. Specifically, for each set of selected keyframes, we run
the mapping process for a fixed number N, of iterations. Our total loss is defined as:

L= >\c£c + )\dep»cdep + )\eikceik + )\sdfﬁsdf7 (610)

with L., Laep, Leir, and Ly being loss balance weights. Given the pose and depth of each
selected keyframe, our mapping thread directly uses them without refinement since our full BA
and LC have exploited the global geometry to optimize both, being naturally robust in handling
occluded regions and back faces.

6.3 Experimental Results

This section investigates our experimental evaluation, including implementation details, datasets,
and key findings.

6.3.1 Implementation Details

Our system runs on a PC with a 3.5GHz Intel Core 19-10920X CPU and an NVIDIA RTX
3090 GPU. For tracking, we utilize pre-trained weights from DROID-SLAM [211]], whereas the
rendering networks are trained from scratch. The experiments are performed with the following
default settings unless otherwise specified: local window size Nj,.,; = 25 for RGB-D and
stereo input, Njo.q; = 50 for monocular mode, neighboring radius rocar = 1, Tgiobat = 5,
co-visibility threshold 7., = 25.0, the factor used to constrain the maximum allowed edge
Sedge = 8, sampling points along a ray Ny, = 24, N;y, = 48, pixel samples M = 200,
penalty parameter 5 = 5.0, iterations Ny, = 2, and the loss weights A, = 1.0, Az, = 1.0,
Aei. = 0.1, Agqp = 1.0. The mesh reconstruction of a scene is achieved by running marching
cubes on the SDF values of the queried points. The supplementary material provides more
details about SLAM configuration and also qualitative results on various datasets.

6.3.2 Datasets

We evaluate our GO-SLAM system on several datasets with different input modalities, includ-
ing the TUM RGB-D, EuRoC, ETH3D-SLAM, ScanNet, and Replica. The TUM RGB-D
benchmark [193]] is a small-scale indoor dataset with accurate ground truth obtained from an
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ORBSLAM2[I42] | X 0071 X 0023 X X X X 0000] - Kintinwous[[45]  0.037 0029 0030
ORB-SLAM3 [I6] X 0017 0210 X 003 X X X 0009 - BAD-SLAM{IS3] 0017 0011 0017
DeepV2D [209] 0243 0.166 0379 1653 0203 0246 0.105 0316 0.064 | 0.375 ORB-SLAM2[142]  0.016  0.004  0.010
DeepFactors [36] | 0159 0.170 0.253 0.169 0305 0364 0.043 0.601 0.035 | 0.233 IMAP 193] 0049 0020 0058
DROID-SLAM [211] | 0.111 0018 0.042 0.021 0.016 0049 0026 0.048 0.012 | 0.038 NICE-SLAM [295]  0.027 0018  0.030
Ours |0.089 0.016 0.028 0025 0.026 0052 0019 0.048 0.010 | 0.035 GO-SLAM (ours) 0015  0.006 0013

Table 6.1: ATE[m] on the TUM RGB-D [193]] benchmark. The left table shows the results of
monocular SLAM on sequences from the freiburgl set. The right one reports the accuracy for
RGB-D SLAM on sequences from freiburgl, freiburg2 and freiburg3 respectively. ‘X’ denotes
tracking failure, ‘-’ no available data. Results of monocular SLAM [16} 136, 142, 209, 211]] and
RGB-D SLAM (142,145,183, 195} 1295] are taken from [211] and [295] respectively.

external camera motion capture system. The EuRoC dataset [14] contains 11 indoor stereo
sequences recorded from a micro aerial vehicle (MAV). The ETH3D-SLAM dataset [[183]] pro-
vides real-world RGB-D image sequences captured with synchronized global shutter cameras.
The ScanNet dataset [37] features richly annotated RGB-D scans of real-world environments,
including challenging short and long trajectories. Finally, the Replica dataset [192] provides
high-fidelity 3D models of photo-realistic indoor scenes, enabling us to assess the reconstruc-
tion performance of our approach. For TUM RGB-D, EuRoC, and ETH3D-SLAM, images are
resized to 384 x 512 resolution, while 240 x 320 and 320 x 640 for ScanNet and Replica datasets,
respectively.

6.3.3 Evaluation Metrics

Following the common protocol in the SLAM literature [142, 211} 2935]], we evaluate the esti-
mated trajectory by aligning it to the ground truth and then calculating the camera pose accuracy
based on the Absolute Trajectory Error (ATE) RMSE. The reconstruction metrics include Ac-
curacy [cm], Completion [cm], Completion Ratio [< 5cm %], and F-score [< 5cm %]. For
the evaluation, we remove regions not observed by any camera. Furthermore, using ground
truth trajectory for depth rendering, we evaluate the Depth L1 metric [295] by computing the
absolute error between rendered depths from estimated and ground truth meshes.

6.3.4 Comparison with state-of-the-art SLAM

Here, we evaluate GO-SLAM in synthetic and real-world scenarios and compare it to state-of-
the-art SLAM systems in monocular, stereo, and RGB-D settings.

TUM RGB-D (Monocular & RGB-D). In this dataset, we compare with monocular and
RGBD SLAM systems. In Tab.[6.1](left), we focus on the former methods: traditional SLAM [16]
142] with point-based representation fails on camera tracking on most of the challenging se-
quences. Among all deep-learning-based methods [36} 209, 211]], GO-SLAM with online LC
and full BA achieves the lowest average trajectory error. Furthermore, following [293], we also
evaluate our method on RGB-D input. Tab.[6.1](right) illustrates the clear superiority of our pose
estimation compared to recent NeRF-base RGB-D SLAM [195, 295], effectively shrinking the
gap with traditional SLAM systems.
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ORB-SLAM2 [142] | 0.035 0.018 0.028 0.119 0.060 | 0.035 0.020 0.048 | 0.037 0.035 - - ORB-SLAM3 [I6] ~ 0.037 0.022 X
SVO 53] 0.040 0.070 0270 0.170  0.120 | 0.040 0.040 0.070 | 0.050 0.090 0.790 | 0.159 DSO [30] 0.903 0.132 1.152
ORB-SLAM3 [I6] 0.029 0.019 0024 0.085 0.052 | 0.035 0.025 0.061 [ 0.041 0.028 0.521 | 0.084 DROID-SLAM [2I1]  0.020 0.013 0.014
DROID-SLAM [211] | 0.015 0.013 0.035 0.048 0.040 | 0.037 0.011 0.020 | 0.018 0.015 0.017 | 0.024 Li et al. [104) X 0178 X
Ours | 0.016 0014 0.023 0.045 0.045 | 0.037 0.011 0.023]0.016 0.010 0.022 | 0.024 GO-SLAM (ours) 0.018 0.011 0.017

Table 6.2: ATE [m] on the EuRoC dataset [14]. In the left table, the results of all methods
were obtained by running them on stereo video. In the right table, we report the trajectory error
of monocular SLAM. ‘X’ denotes tracking failure. Results of [16, 50, 53, 142} 211]] and [104]
are adopted from [211]] and respectively.

DROID-SLAM [41]

EuRoC - Stereo_

ETH3D - RGB-D

DROID-SLAM [41] ours
Figure 6.6: Qualitative results. Top: V1_02_Medium (EuRoC), bottom: Helmet (ETH3D).
DROID-SLAM [211]] reconstructions obtained with TSDF-Fusion [33].



EuRoC (Stereo & Monocular). Tab. [6.2] (left) shows the camera trajectory error of GO-
SLAM for all stereo sequences compared to stereo SLAM methods. While existing systems
based on neural implicit representation are designed for monocular [33,1104,1173,1296] or RGB-
D [195] 295]] input only, our method predicts trajectories comparable to state-of-the-art stereo
SLAM [16} 153, (142, 211]], while also producing globally dense and consistent 3D reconstruc-
tion, as shown in Fig.[6.6] Compared to the noisy result of DROID-SLAM with several holes
and floating points, GO-SLAM produces a more complete, smoother surface and a cleaner
reconstruction. In the Tab. (right), we also report the results of monocular SLAM. Specif-
ically, NeRF-based SLAM [104] without online BA fails in most cases, while our approach
gives accurate predictions in all sequences.

30 Ours: AUC 33.12
DROID-SLAM: AUC 32.84

BAD-SLAM: AUC 30.89 —

(2]
§ ORB-SLAM2: AUC 17.84
g 20 ElasticFusion: AUC 2.69
e —— BundleFusion: AUC 2.59
=]
®
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Q
(3]
S ,_:—'
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*
I_I
0 |
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ATE RMSE [cm]

Figure 6.7: RGB-D ETH3D-SLAM test benchmark. Number of successful trajectories (y-
axis) as a function of the ATE RMSE (x-axis). Maximum ATE RMSE: 2cm. Results by pub-
lished SLAM systems [38], 142, 183 211} 239] and ours.

ETH3D-SLAM (RGB-D). The ETH3D-SLAM dataset provides a public online leader-
board for RGB-D SLAM evaluation. The results in Fig. demonstrate the significant ad-
vantage of our deep-learning-based method over published RGB-D SLLAM systems with point-
[142], surfel- [183,239] or voxel-based [38]] representations. Similarly to our approach, Bundle-
Fusion [38]] targets globally consistent reconstruction. However, its pose estimation is highly
susceptible to errors, resulting in inferior reconstruction as shown in Fig. [6.6], whereas our
method yields smoother reconstruction with photometrically convincing rendering.

ScanNet (Monocular & RGB-D). For an exhaustive evaluation, we test SLAM methods on
both short (sequences with less than 5000 frames) and long, complex sequences. Tab.[6.3|shows
that, although DROID-SLAM [211] performs well on short sequences and RGB-D inputs, its
accuracy drops dramatically when processing longer sequences in the monocular setting, even
performing a final global bundle adjustment. In contrast, GO-SLAM consistently yields the
best results, thanks to online loop closing and full BA. Furthermore, as anticipated in Fig. [6.1]
due to the absence of global optimization to eliminate the accumulated trajectory error, NeRF-
based SLAM, e.g., iIMAP, and NICE-SLAM [295]] provide significantly poorer results for pose
estimation and 3D reconstruction.



Scene ID 0000 0054 0233 0465 0059 0106 0169 0181 Av
# Frames 5578 6629 7643 6306 1807 2324 2034 2349 &
iMAP* [195] 55.95 70.11 86.42 85.03 32.06 17.50 70.51 32.10 56.21
a NICE-SLAM [295] 8.64 20.93 9.00 22.31 12.25 8.09 10.28 12.93 13.05
g DROID-SLAM [211] (VO) 8.00 29.28 6.75 11.37 11.30 9.97 8.64 7.38 11.59
&~ DROID-SLAM [211] 5.36 8.89 4.90 8.32 7.72 7.06 8.01 6.97 7.15
Ours 5.35 8.75 4.78 8.15 7.52 7.03 7.74 6.84 7.02
ORB-SLAM3 [16] 73.93 243.26 25.01 181.86 90.67 178.13 60.15 104.93 119.74
g DROID-SLAM [211] (VO) 11.05 204.31 71.08 117.84 67.26 11.20 16.21 9.94 63.61
§ DROID-SLAM [211] 5.48 197.71 72.23 114.36 9.00 6.76 7.86 7.41 52.60
Ours 5.94 13.29 5.31 79.51 8.27 8.07 8.42 8.29 17.59

Table 6.3: ATE[cm] on ScanNet dataset [37]. For DROID-SLAM [211]], we also report results
for the visual odometry (VO) variant, which does not include the final global bundle adjustment.
Results of iMAP* and NICE-SLAM are from [295].

RGB-D | Mono.

iMAP* [195] NICE-SLAM [295] Ours | Orbeez-SLAM [33] NeRF-SLAM (1731 DROID-SLAM [211] Lieral. [[04] NICER-SLAM [296] { Ours
ATE RMSE[cm] | - 1.95 034 | - - 042 0.46 1.88 0.39
Depth L1[em] | 7.64 3.53 338 | 11.88 4.49 - - - 4.39
Acc.fem] | 6.95 285 2.50 - - 5.03 4.03 3.65 3381
Comp.[em] | 533 3.00 374 - - 8.49 4.20 4.16 479
Comp. Ratio[<Sem %], 66.60 89.33 88.09 - - 64.72 79.60 79.37 78.00
Avg. FPS 1 10 <1 8 | ~20 10 21 3 <1 8

Table 6.4: Reconstruction results and ATE[cm] on the Replica dataset (average over 8
scenes). The results of iMAP* [195] are adopted from NICE-SLAM [295]], while results for
other methods are taken from the respective original papers. I denotes concurrent works yet

unpublished.

Replica (Monocular & RGB-D). Finally, Tab. shows pose and reconstruction perfor-
mance achieved by GO-SLAM on the Replica dataset [192]. Our system achieves comparable
accuracy with respect to existing RGB-D methods [295] and concurrent monocular [[104, 296]
ones. However, none of the latter runs in real-time, whereas GO-SLAM achieves a frame rate
of 8 FPS with maximum GPU memory consuming 18 GB. Although iMAP [193] alone can
achieve a similar speed as GO-SLAM (10 FPS), it yields much worse results. In particular,
close to ours, NeRF-SLAM [173] is a concurrent, monocular SLAM system based on DROID-
SLAM [211], running at nearly 10 FPS. However, their system lacks BA, which GO-SLAM
provides. Moreover, NeRF-SLAM and Orbeez-SLAM [33]] lack dense 3D reconstruction re-
sults, limiting the comparison. We can only compare on depth rendering quality, for which
GO-SLAM achieves better results.

6.3.5 Ablation Study

We conclude by studying the impact of the novel designs in the proposed GO-SLAM with
RGB-D input.

Keyframe Selection. In Tab. [6.5] we investigate the impact of different keyframe selection
strategies by computing the mean F-score in eight sequences of the Replica dataset [192]. The
experimental results prove that updating the 3D model with the latest keyframes or stratified
sampling is not sufficient to obtain the best results. Monitoring the pose and depth of each
frame continuously and updating the 3D model according to the largest change is crucial for



globally consistent reconstruction.

Sampling Strategy Avg.

Latest Stratified Top-Ranked | F-score 1
v X X 49.55
v v X 83.13
v v 4 85.56

Table 6.5: Impact of keyframe selection. We report average F-score achieved by different

sampling strategies.

Lo Lap Lsg Leir | Avg. F-score 1
A X X 34.64
o/ X X 83.50
v X v X 84.00
o/ v X 84.83
/ v v 85.56

Table 6.6: Impact of single losses. We report average F-score achieved with different losses

configurations.

Skipping Avg. Avg. ATE
Frames Speedup F-score T RMSE [cm] |
None 1x 85.56 7.02
172 2% 84.67 7.08
3/4 4x 84.80 7.16
7/8 8% 84.41 7.28

Table 6.7: Impact of frames skipping. We report average F-score and ATE when running in

real-time.

Losses. Tab.[6.6|evaluates on Replica the effectiveness of each loss term. Results show that
the RGB loss alone cannot lead to satisfying results. Geometric supervision, such as depth or
SDF loss, provides similar accuracy while integrating all terms produces the best results.

Skipping frames to run in real-time. Tab. shows our GO-SLAM accuracy when skip-
ping RGB-D frames to run at 2x,4x,8x speed. Remarkably, both mapping accuracy (avg.
F-score on Replica [192]) and tracking performance (avg. ATE RMSE on ScanNet [37]) only
experience minimal degradation, proving that GO-SLAM is 1) robust to large view changes and
2) ready for real-time usage.

Loop Closing and Full BA. Finally, we study the impact of our efficient loop closing and
online full BA on eight scenes of ScanNet [37]. Our baseline DROID-SLAM (VO) [211] (with-
out LC and Full BA) achieves high speed but suffers from a large trajectory error, as shown in



Avg. ATE RMSE [ecm] | avg. FPS 1

w/o LC & w/o Full BA 11.59 30
w/ LC 8.83 20

w/ Full BA 7.11 12

w/ LC & w/ Full BA 7.02 10

Table 6.8: Impact of loop closing and full BA. We report average ATE and FPS with/without

our main contributions.

Tab.[6.8] Our efficient LC significantly reduces drift with negligible speed reduction. Introduc-
ing Full BA slows down GO-SLAM, but improves global pose estimation significantly. Finally,
our full system integrating LC and full BA achieves the best results in pose estimation and 3D
reconstruction (see Fig.[6.3)), while enabling real-time performance.

6.3.6 CPU/GPU Requirements.

We conclude by measuring hardware requirements on the Replica dataset [[192]]. In Tab. we
present several metrics including CPU requirements, maximum GPU memory consumption,
average frames per second, and final accuracy, showcasing the performance of various SLAM
algorithms during the reconstruction of an entire scene. Specifically, our SLAM system stands
out by achieving an optimal balance between CPU/GPU requirements and SLAM performance,
combining high accuracy with speed.

Method CPU Processing GPU Consuming  Avg. Comp.
Frequency [GHz]  Memory [G]]  FPST Ratio[<5cm %] 1

iMAP* [195] 3.80 10.13 10 66.60

NICE-SLAM [295] 3.80 11.72 <1 89.33

DROID-SLAM [211] 3.50 14.34 21 70.52

Ours 3.50 15.63 8 88.09

Table 6.9: Hardware requirements and performance. All results are obtained by running on
NVIDIA RTX 3090 GPU and Replica dataset [192] with RGB-D input.

6.3.7 More Qualitative Results

We provide detailed results on ScanNet [37], EuRoC [14] and Replica [192] datasets on Figs.[6.§]
to respectively.

6.4 Conclusions
We introduced a novel, real-time deep-learning-based SLAM algorithm that achieves globally

consistent reconstruction with monocular, stereo, or RGB-D input. Our approach explicitly
detects loop closures and performs online full BA to minimize trajectory error. Based on
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Figure 6.8: Qualitative results on ScanNet dataset [192]. Our GO-SLAM predicts globally
consistent 3D reconstruction with monocular or RGB-D input at real-time speed. While NICE-

SLAM [295]] suffers from accumulated errors in trajectory and distortion in 3D models.
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Figure 6.9: Qualitative results on EuRoC dataset [14]. DROID-SLAM [211]] reconstructions
obtained with TSDF-Fusion [35]. Compared to DROID-SLAM, our reconstructions are much

cleaner and more complete.
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Figure 6.10: Qualitative results on Replica dataset [192]. Our GO-SLAM predicts dense 3D
reconstruction with monocular or RGB-D input at real-time speed. While NICE-SLAM [295]],
which can only work with depth input, takes hours (< 1 FPS) to get the reconstruction.

NeRF, our 3D reconstruction provides an efficient, compact, and multi-resolution represen-
tation. Moreover, our approach continuously updates the dense 3D reconstruction to adapt
to the newly-optimized global geometry at high frequency. Our experiments demonstrate the
algorithm’s robustness in reliably tracking and densely mapping even in large-scale scenes, es-
pecially on long monocular trajectories with no depth information, achieving state-of-the-art
performance on various datasets.



Conclusion

6.5 Summary of Thesis Achievements

In this thesis, innovative techniques rooted in deep learning are introduced to enhance the prac-
tical depth associated with the 3D reconstruction task from depth sensors and/or images.

The most straightforward method for obtaining depth information involves capturing raw
depth points with various depth sensors. To address issues such as holes and noisy points,
we present a depth completion network, i.e., CompletionFormer, to reconstruct sparse depth
measurements into a dense and complete depth map for downstream applications. In scenarios
where depth cues are unavailable, a Vision Transformer-based unsupervised depth estimation
network is constructed. This network relies on image reconstruction loss for depth estima-
tion, leveraging global context information to handle challenging regions, including occlusions,
dynamic objects, and photometric changes. To alleviate the challenges of accurate pose esti-
mation and address the scale ambiguity in monocular depth estimation, a fast stereo matching
network is proposed for metric depth estimation. The developed TemporalStereo stands out as
the first supervised stereo network capable of seamlessly caching past context and utilizing it
to enhance ongoing predictions, especially in occluded and reflective regions. Moreover, con-
strained by computational costs or physical device limitations, the captured or predicted depth is
often presented in low resolution. To enhance its practical applications in scenarios demanding
high-resolution 3D perception, we introduce an image-guided depth super-resolution network
for accurate high-resolution depth prediction. The essence of this approach lies in devising
an efficient method to extract both explicit and implicit high-frequency information from the
guided high-resolution image, contributing to superior depth super-resolution results. At the
end, we present a NeRF-based SLAM system capable of incorporating diverse depth resources,
such as depth from sensors, monocular depth estimation, and stereo matching, to achieve glob-
ally consistent 3D reconstruction. This inclusive approach broadens the applicability of our
research to a diverse array of scenarios and showcases promising outcomes in advancing the
limits of depth estimation for practical use.

6.6 Future Work

The next step to move forward involves high-fidelity 3D reconstruction. The reconstructed sur-
faces yield valuable structural information for various downstream applications, including the
generation of 3D assets for augmented/virtual/mixed reality or the mapping of environments for
the autonomous navigation of robotics. Of notable significance is the photogrammetric surface
reconstruction utilizing a monocular RGB camera. This approach holds particular appeal, as
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it empowers users to casually create digital twins of the real world using ubiquitous mobile
devices. To attain efficient and high-fidelity 3D reconstruction, there are still several under-
explored directions. The first focal point is accurate pose estimation. Deep learning-based
SLAM, particularly methods rooted in NeRF and Gaussian Splatting, demonstrate significant
potential in this regard. Additionally, incorporating geometry priors, such as depth and se-
mantic segmentation, becomes crucial for enhancing the robustness and efficiency of the 3D
reconstruction network.
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