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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 (€.9., 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, signi cantly enhancing
the perception and comprehension of real three-dimensional environments. This advancement
nds applications in various elds like robotic [182], virtual/augmented reality [268], and au-
tonomous driving [189]. Active depth estimation methods commonly leverage Lasers, struc-
tured light, and re ections 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, LIDAR 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 re ective 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 (e, RGBD), has gained much attention in the latest years. Since the correspond-
ing RGB images contain rich semantic cues that are critical for lling 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 degth is
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 nite 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 signi cantly 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 ne-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, 255].

Conversely, using stereo data for training makes the camera-pose estimation a one-time of-
ine calibration. Leveraging the known baseline distance between stereo cameras, stereo match-
ing processes two recti ed 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 signi cant 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 ickering greatly
diminishes the user experience. We present TemporalStereo in Chapter 4, a coarse-to- ne stereo
matching network that is highly ef cient, 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 re ective regions while enjoying high ef ciency 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 insuf cient to ful I
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 ne 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 architectwd)-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 re nement over the nal depth
map, CSPN [27] appends a convolutional spatial propagation network (SPN [122]) at the end of
U-Net to re ne its coarse prediction. Based on CSPN, learnable convolutional kernel sizes and
a number of iterations are proposed to improve the ef ciency [28], and the performance could
be further improved by using un xed local neighbors [152, 250] and independent af nity 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, 274] 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
352 1216input). In contrast, our CompletionFormer in one branch brings signi cant ef ciency
(559.5G FLOPSs), and the included convolutional attention layer complements the disadvantage
of a Transformer in local details.



1.2 Vision Transformer.

Transformers [103, 126] are rst introduced in natural language processing [220], then also
showing great potential in the elds of image classi cation [45], object detection [103, 126,
248] and semantic segmentation [242]. Tasks related to 3D vision have also bene ted from
the enriched modeling capability of Transformer, such as stereo matching [105, 110], super-
vised [111, 166] and unsupervised monocular depth estimation [284], optical ow [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 netwoekg.(ResNet [75] with fully CNN-based
design, Swin Transformer [126] and PVT [230] based on pure Transformer, MPVIT [103] and
CMT [70] using both the convolutions and Vision Transformer), our proposed joint convolu-
tional attention and Transformer block achieves much higher ef ciency 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 signi cant progress
in the eld. 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, 63], 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 exible 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 ow 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 signi cant impact on the per-
formance of monocular depth estimation itself. Ynhal. [264] replaced the VGG encoder

used by [293] with a ResNet. Guizilimt 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 eld of CNNs, the network performance still has
room for further improvement. To extract the long-range relationships between features, Yan

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 ef cient 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 nd 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 re nement 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 [58, 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 Ef cient 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 nal disparity through upsampling. CoEx [8]
adopts this strategy. Coarse-to- ne [5, 254] design further improves ef ciency, 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 usathézkand eventuallyorrectthe 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 ef ciency on high-resolution images, we perform the coarse-to- ne 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 ow [135, 210] or 3D scene
ow [213] is often taken into account to link the images with the reconstructed 2D/3D motion
eld. 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 ow [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 bene cial to understand the current scene
— especially in dif cult areas — fofree 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] rst utilizes a joint bilateral Iter,
taking guidance cues from color images. The so-cdibedl methods followed this pivotal
work: [258] enhances the LR depth maps by exploiting registered HR color images, [170] uses
anti-alias image pre Itering built on the multi-stage joint bilateral Iter, while graph-based joint
bilateral upsampling [232] casts GDSR as a regularization problem.

More accurate solutions, although slower, are representgbbbglmethods. The rstwork
in this direction is [43], which employs Markov random elds (MRF) to integrate multi-modal
data for LR depth map upsampling. Using the non-local mean lItering method, [151] recovers
noisy LR images from a ToF camera to a high-quality image. To be more ef cient, [52] 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, 197, 300] 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 re nement 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 af ne transformation where the feature re nement 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, 36, 53, 142, 143, 208, 211, 290], height
map [56], surfel [183, 239] and volumetric representation [38, 145, 146]. Especially some of
them [16, 36, 38, 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 of ine, at the end of camera tracking. However, for
some challenging cases, it gets hard to eliminate the drift error with of ine re nement solely,
as shown in Fig. 6.1, pointing out the importance of online BA for on-the- y drift correction.

1.10 NeRF-based Visual SLAM.

Neural implicit elds (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, iIMAP [195] and NICE-SLAM [295],
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-SLAMZ2 [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 signi cant 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 sensag 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 imagee(, RGBD), has gained much attention in the latest years.

For depth completion, one key point is to get the depth af nity among neighboring pixels so
that reliable depth labels can be propagated to the surroundings [27, 28, 80, 117, 152]. 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, 80, 117, 152, 165, 219, 294] or
graph neural network [244, 286]. However, both the convolutional layer and graph models can
only aggregate within a local regioa.g, square kerneliB 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

10



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 CNNSs architecture (b) activates discriminative local regienglfe region on

the re 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. Deapialistance 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 ef cient 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, 150, 157, 248] on image classi cation 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-
cient, 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. Speci cally, 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, 157, 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:



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 nal re nement.

» 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 elds for multi-modal information interaction and fusion. In particular, spatial and
channel attention are introduced to increase the capacity of convolutional layers.

» Taking the proposedoint Convolutional Atention and Tansformer (JCAT) block as the
basic unit, we introduce a single-branch network structiueg,CompletionFormer. This
elegant design leads to a comparable computation cost to current CNN-based methods
while presenting signi cantly higher ef ciency 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 deptiryssparse, 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. 2.2. 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 re ne the initial estimation
with a spatial propagation network.



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 [70]. (c) Our proposed
JCAT block which contains two parallel streams,, 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 ef cient implementation. Therefore, we rstly use two separate convolu-
tions to encode the input sparse depth rBagnd RGB imageé . 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, 80, 117, 152, 165, 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 classi cation 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



CompletionFormeﬁ #lLayers  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] 1424 301.9

Table 2.1: CompletionFormer Con gurations. #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 usi8§ 640input 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.

Speci cally, our encoder has ve stages, allowing feature representation at different scales
to communicate with each other effectively. In the rst 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 nally get downsampled feature &gt half resolution.

For the next four stages, we introduce our proposed JCAT block as the basic unit for framework
design.

Basically, for each stage?2 f 2; 3;4; 5qg, it consists of a patch embedding module &nd
repeated JCAT blocks. The patch embedding module rstly divides the featuré&mafrom
previous stage 1into patches with siz28 2. We implement it with @ 3 convolution layer
and stride set to 2 as [230], so it actually halves resolution for featyrgsand thus allows
for obtaining a features pyramidr,; F3; F4; Fsg, whose resolutions afel=4; 1=8; 1=16; 1=32g
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 ef cient 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 featurés 2 R" Wi © from the patch embedding
module or last joint block (wittH; and W, height and width of features at stageandC
number of channel), we rstly normalize it with layer normalization [4] (LN) and then atten it
into vector tokenX 2 RN €, whereN is the number of tokens and equalstp W, i.e, the
number of all pixels in th& . Using learned linear transformations?, WX  andwV 2 R €,
tokensX are projected into corresponding qu€ykeyK , and value vectorg 2 RN ©. Here,
the spatial scale df andV is further reduced to decrease memory consumption, and then self-
attention is performed as:

. QKT
Attention(Q; K; V) = Softmap—)V; (2.1)

Chead
with Cyeaq the channel dimension of each attention head in SRA. According to Eq. (2.1), each
token in the entire input spaéeis matched with any tokens, including itself. Our depth comple-




tion network bene ts from the self-attention mechanism in two folds: 1) it extends the receptive
eld 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 a3 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-
gurations. 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 rst convolution layer of the prediction
head. Its output is concatenated with the raw feature from RGB and depth embedding module
(Sec. 2.2.1) and sent to another convolution, which is in charge of initial depth predixtion

2.2.4 SPN Re nement 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 nal re nement. Recent work [27, 28, 80, 152] mainly focuses on improving the
spatial propagation network from xed-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 af nity and thus obtain almost the same accuracy with xed-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 re nement. Speci cally, leD' = (d!.,) 2 R" W denotes the 2D depth map updated
by spatial propagation at stépwhered;,, denotes the depth value at pixel, v), andH; W
denotes the height and width of the respectively. The propagation df,, at stept with its
non-local neighborsl Y- is de ned as follows:
X
dh;v = WU;V (O; O)dtj;vl + WU;V(i;j )d}] 1; (2_2)
(i )2N [Ny ;i60;j 60



wherew,., (i;j ) 2 ( 1;1)describes the af ni|§y weight between the reference pixéliav) and
its neighbor pixel afi; j ) andw,., (0;0) =1 (i )2Nuy 160 ] 60 Wy (i; ] ) stands for how much
the original deptfuf,.,! will be preserved. Moreover, the af nity matrix is also outputted by the
decoder and modulated by a predicted con dence map from decoder to prevent less con dent
pixels from propagating into neighbors regardless of how large the af nity is. Adtesteps
spatial propagation, we get the nal re ned depth nfaf.

Finally, following [152], a combined.; andL, loss is employed to supervise the network
training as follows:

X
LD = o B DI+, DY (2.3)
v2V

whereD) = DX, andV is the set of pixels with valid depth in ground truBi¥!, andjVj denotes
the size of seYV.

2.3 EXxperiments

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 of cial labeled test set for evaluation. For both training and test
sets, the original frames of sif0 480are half down-sampled with bilinear interpolation
and then center-cropped304 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 veri ed with the stereo image
pairs to eliminate noisy values. Since there is no LIiDAR return at the top of the image, follow-
ing [152], input images are bottom center-croppe@40 1216for training, validation and
testing phases.

2.3.2 Implementation Details

We implement our model in PyTorch [154] on 4 NVIDIA 3090 GPUs, using AdamW [127] as
optimizer with an initial learning rate of 0.001; = 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.



. RMSEfY MAE# Paramst FLOPs#
CompletionFormer

(mm)  (mm) (M) (G)
(A) wl/ cascaded connection 91.5 35.7 82.6 429.6
(B) wi/ parallel connection 90.0 35.0 82.6 429.6

(C) wl/o Spatial and ChanneIAttentiqn 91.1 35.5 \ 82.5 429.4

(D) w/ dual-branch encoders | 94.0 36.4 | 161.0 661.4
Backbone Attention Re nemen RMSE# MAE# | Paramst FLOPs#
Type Decoder Iterations (mm) (mm) (M) (G)
(E) ResNet34 [75] 7 18 92.3 36.1 26.4 542.2
(F) ResNet34 [75] 3 18 91.4 35.5 28.1 582.1
(G) Swin-Tiny [126] 3 18 92.6 36.4 38.1 634.8
(H) PVT-Large [230] 3 18 91.4 35.6 68.3 419.8
()  MPViT-Base [103] 3 18 91.0 355 83.1 1259.3
(J) CMT-Base [70] 3 18 92.0 35.9 47.6 358.7
(K) Ours-Small 3 18 90.1 35.2 82.6 439.1
(L) Ours-Small 3 6 90.0 35.0 82.6 429.6
(M) Ours-Small 3 CSPN++ 90.3 34.9 82.7 446.4
(N) Ours-Tiny 3 6 90.9 35.3 45.8 389.4
(O) Ours-Base 3 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 Re nement module. FLOPs are measured with input resolution
480 640

2.3.3 Evaluation Metrics

Following the KITTI benchmark and existing depth completion methods [152, 294], given the
predictionl and ground trutiD 9, 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 (IRMSE); (4) mean absolute error of the inverse depth (iMAE); (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. 2.2.

Cascaded vs Parallel Connection.We can notice that the cascaded design (A) shows
inferior performance compared to parallel style (B). This conclusion is also con rmed 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
7 106.5 106.5 106.7 100.2 108.4 99.2
RMSE(MmA| 3 | 914 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
nal 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) con rms 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 ef cient.

Comparisons with General Feature Backbonesln 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 FLOPSs) than MPViT-Base (1259.3G FLOPS).

Decoder.Compared to our baseline (Eg., 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 Re nement Iterations. Our network (L) requires as few as 6 iterations for SPN re-
nement 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 re nement in NLSPN re-
placed with xed-local neighbors in CSPN++ [28] (M), the accuracy remains almost the same.
It indicates that our CompletionFormer can learn good af nity locally and globally, thus helping
to soften the problem raised by the limited and xed range of aggregation in CSPN++ [28].

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

With/without SPN re nement. To conclude, in Tab. 2.3 we show the results achieved by
different backbones with and without SPN re nement. Ours yields the most accurate results in
both cases.



Scanning Method RMSEt MAE# IRMSE# IMAE#
Lines (mm)  (mm) (/km) (1/km)
NLSPN | 3507.7 1849.1 13.8 8.9
1 DySPN | 3625.5 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 3.4
4 DySPN | 2285.8 834.3 6.3 3.2
Ours-ViT | 2241.2 795.9 5.8 2.9
Ours 2150.0 740.1 5.4 2.6
NLSPN | 1288.9 377.2 3.4 14
16 DySPN | 12748 366.4 3.2 1.3
Ours-VIiT | 1268.9 360.7 3.3 1.3
Ours 1218.6 337.4 3.0 1.2
NLSPN | 889.4  238.8 2.6 1.0
64 DySPN | 8785 2286 25 1.0
Ours-ViT | 872.0 226.2 25 1.0
Ours 848.7 215.9 25 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 LIiDAR 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 of cial
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# RMSEf | RMSE# REL#
(mm) (/km) (L/km)  (mm) (m)
CSPN [27] 279.46  1.15 2.93 1019.64 0.117  0.016

DeepLiDAR [165] | 226.50  1.15 256  758.38 0.115  0.022
GuideNet [203] | 218.83  0.99 225  736.24 0.101  0.015

NLSPN [152] 199.59  0.84 1.99  741.68 0.092 0.012
PENet [80] 21055 0.94 217  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  0.97 214 72148 - -
DySPN [117] 192,71 0.82 1.88 709.12| 0.090 0.012
ours (1) 183.88 0.80 1.89  764.87| - -
ours L1+L,) 203.45 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 fuligtrained using the of cial 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 metheddNLSPN 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. 2.4, 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 dif cult 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) signi cantly
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. 2.5, 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.



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-VIiT denotes that only the Transformer layer is enabled in
our proposed block. A colder color in depth and error maps denotes a lower value.

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. 2.6. When moving toutdoor 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; andL, losses, CompletionFormer ranked rst 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 €.g, the zoom-in visualization on the second and fourth rows), textureless olgegis (

the cars on the rst row) and small objecesd, the pillars and tree stem far in the distance, on
second and fourth rows).



Figure 2.6: Qualitative results on NYUv2 datasetComparisons of our method against state-
of-the-art methodi.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 ef ciency 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 con guration, still representing
the most diffused setting in most practical cases nowadays.

Deep learning paradigms favored the blooming of this latter approach [12, 48, 55, 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 signi cant 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 framesthe 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 con guration
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 ow 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 estimatiomhe
limited receptive eld of existing solutionse(g, HR-Depth [129], in the middle) often yields
inaccurate depth estimation, losing ne-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 eld 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.
Speci cally, the local nature of convolutions leads CNNs in their rst layerse; those in
charge of modeling ne-grained details — to extract features missing long-range relationships
across the same image. Going deeper with convolutions makes the receptive eld 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 eld. 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 elds of CNNs encoders, leading to naturally ner-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 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.



Figure 3.2: Attention maps of SoTA methods and our MonoViT.The rst 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 resolutien % %). 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 eld 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



Figure 3.3: Overview of our MonoViT architecture. Our MonoVIiT 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, 251, 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 signi cant potential for
modeling long-range correlation.

Driven by this rationale, we design our Monocular Vision Transformer framewdokoViT
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 ve stages. Given the current inputimage, we adopt
a Conv-stem block consisting of two convolutions with kernel 8ize3 and stride of 2 only at
the rst convolution, generating features with si%e % From stage two to stage ve, we stack
the Multi-Path Transformer Blocks in each stage, shown as “Joint CNN & Transformer Layer”



Figure 3.4: Joint CNN & Transformer Layer used in depth encoder. Each Transformer
block containdM 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. 3.3. Precisely, each “Joint CNN & Transformer Layer” (shown in Fig. 3.4) 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 €3d 08,

3 35 5and7 7 pixels by stacking multipl& 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 mannieg..-using the four branches shown

in Fig. 3.4, respectively three parallel Transformer blocks and a convolutional block, this latter
made of 1 1,3 3 depthwise and 11 convolutions. While the convolutional branch constructs

the local relationship between neighbors within featlrgthe three Transformer Blocks model

the information interaction over the whole input space within featGrg<s ;; G ,, thanks to the
self-attention mechanism. Speci cally, these latter take a sequence of visual tokens embedded
by the Multi-Scale Patching Embedding module and project them into a g@nkey K),

and valueY 2 RN ©) vectors through three separated but structure same heads (Where
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 ef cient factorized way [102]:

FactorAt(Q; K ;V) = p%(softmw(K Y'V); (3.1)

whereC 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

Ai = Concat ([Li;Gi.0; Gi;1; Gi2]); (3-2)

Xien = H(AD; (3:3)

with A; 2 R"i Wi Ci peing the aggregated feature an@) a 1 1 convolutional layer which
fuses them and yields the nal featuxg.,; for the next stage+ 1.



A clear benet 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. 3.3. Considering the context difference between features at different
scales, e.g. higher resolution features favour ne-grained details, we enhance cross-scale feature
fusion with both spatial and channel attention mechanisms [129, 282]dur 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

atfull, 3, 7, % resolution respectively.

3.2.2 PoseNet

Following [64, 129, 251, 292], our PoseNet favors a simple, yet effective implementation.
Speci cally, our PoseNet uses the lightweight structure of ResNet18 [75]. Receiving concate-
nated imagesl[, | '] as input, it outputs a 6 DoF relative po§ebetween 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 astiligrget) image
| and predict its dense inverse depth ndafrom which deptiD is derived asd=d and forcing
it to be iIN[Dmin ; Dmax] @s in [64].
View reconstruction loss. By knowing camera intrinsick and the predicted posE be-
tween two nearby views, a reconstructed target infageobtained as a function of intrinsics,
pose, source imagde' and depttD. A loss signal s is computed as a functidf of inputsi™
andl :

Les=F(51)=F( (1% T;k;D);1): (3.4)

F is 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 SSIMTS1) |
2

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

F(m1) = @a )iriy (3.5)

Les(p) = min F(Fi(p):1 () (3.6)

with "1' and "-1' referring to the forward and backward adjacent frames, respectively.



Smoothness lossAs in previous works [64, 292], the edge-aware smoothness loss is used
to improve the inverse depth mdp

Lsmootn = j@d j€@' + j@d j€9"; 3.7

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

Total loss. Finally, both the view reconstruction lokss and the smoothness loEgmooth
are computed from outputs at each scafkef 1; %; %1; %g — brought to full resolution — and then
averaged ak  to train MonoViT:

Liot = ~ ( Lss+ L smooth ); (3.8)

with  being set tdl0 3.

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 MonoVIiT 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 $0while the Transformer-based depth encoder is trained with
an initial learning rate of 510 °. The numbeM 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 resolugh ( 192
experiments while 4 RTX 3090 GPUs for higher resolutiadZ4 3201280 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,
1< 1:25 , < 1:2%, ;< 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 375 captured using a stereo rig mounted on a moving car equipped with a LIDAR
sensor. Following previous works in this eld [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|Resolutior lower is better higher is better
Method Data|Resolutiorj Abs Rel Sq Rel RMSE RMSE Iqg 2 3 Abs Rel Sq Rel RMSE RMSE lqg 1 2 3
Monodepth2 [64] M | 640 192 0.115 0.903 4.863 0.193]0.877 0.959 0.981|Monodepth2 [64] M [1024 320/ 0.115 0.882 4.701  0.190(0.879 0.961 0.982
Sun [201] M | 640 192|| 0.117 0.863 4.813 0.192|0.871 0.959 0.982(Sun [201] M |1024 320| 0.110 0.791 4.557 0.184|0.887 0.964 0.983
SGDepth [97] M+Se 640 192| 0.113 0.835 4.693 0.191/0.879 0.961 0.981|SAFENet [32] |M+Se/1024 320/ 0.106 0.743 4.489 0.181|0.884 0.9650.984
SAFENet [32] M+Se 640 192|| 0.112 0.788 4.582 0.187|0.878 0.963 0.983|HR-Depth [129]| M |1024 320/ 0.106 0.755 4.472 0.181|0.892 0.9660.984
VC-Depth [291] M | 640 192|| 0.112 0.816 4.715 0.190|0.880 0.960 0.982|FeatDepth [186] M |1024 320|| 0.104 0.729 4.481 0.179|0.893 0.9650.984
PackNet [67] M | 640 192|| 0.108 0.727 4.426 0.184|0.885 0.963 0.983|GCNDepth [134] M |1024 320|| 0.104 0.720 4.494 0.181|0.888 0.9650.984
Mono-Uncertainty[160] M | 640 192| 0.111 0.863 4.756 0.188|0.881 0.961 0.982|CADeptif [251] | M |1024 320|| 0.102 0.734 4.407 0.178|0.898 0.9660.984
HR-Depth [129] M | 640 192| 0.109 0.792 4.632 0.185|0.884 0.962 0.983|DIFFNet [292] M 1024 320|| 0.097 0.722 4.345 0.174|0.907 0.9670.984
Johnston et al. [88] M | 640 192| 0.106 0.861 4.699 0.185|0.889 0.962 0.982|MonoVIT (ours) | M [|1024 320| 0.096 0.714 4.292 0.172]0.908 0.968 0.984
CADeptH [251] M | 640 192|| 0.105 0.769 4.535 0.181|0.892 0.964 0.983|PackNet [67] M [1280 384j| 0.104 0.758 4.386 0.182(0.895 0.964 0.982
DIFFNet [292] M | 640 192| 0.102 0.749 4.445 0.179|0.897 0.965 0.983|SGDepth [97] |M+Se1280 384| 0.107 0.768 4.468 0.186|0.891 0.963 0.982
MonoFormer [6] M | 640 192| 0.106 0.839 4.627 0.183]0.889 0.962 0.983|HR-Depth [129]| M [1280 384| 0.104 0.727 4.410 0.179|0.894 0.9660.984
MonoViT (ours) M [640 192] 0.099 0.708 4.372 0.175]/0.900 0.967 0.984|CADepti¥ [251] | M |1280 384| 0.102 0.715 4.312 0.176|0.900 0.9680.984
MonoViT (ours) | M [1280 384|| 0.094 0.682 4.200 0.170(0.912 0.969 0.984
Monodepth2 [64] MS | 640 192| 0.106 0.818 4.750 0.196|0.874 0.957 0.979/Monodepth2 [64] MS |1024 320|| 0.106 0.818 4.750 0.196|0.874 0.957 0.979
HR-depth [129] MS | 640 192| 0.107 0.785 4.612 0.185|0.887 0.962 0.982|HR-Depth [129]| MS |1024 320|| 0.101 0.716 4.395 0.179|0.892 0.966 0.984
CADeptl [251] MS | 640 192| 0.102 0.752 4.504 0.181|0.894 0.964 0.983|CADepti [251] | MS 1024 320|| 0.096 0.694 4.264  0.173|0.908 0.968 0.984
DIFFNet [292] MS | 640 192| 0.101 0.749 4.445 0.179|0.898 0.965 0.983|DIFFNet [292] | MS |1024 320|| 0.094 0.678 4.250 0.172|0.911 0.968 0.984
MonoViT (ours) MS | 640 192| 0.098 0.683 4.333  0.174]|0.904 0.967 0.984/MonoViT (ours) | MS |1024 320|| 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 scoredale. i
refers to the current SoTA self-supervised method on the KITTI depth benchynstdads for

the novel results from the of cial Github repository, better than published anesfers 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 192images.

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-
l0s. Among several sequences, we use the four image splits made available on the website, each
made of 500 frames collected under different weather conditions, respedtggly cloudy,
rainy andsunny 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 LIiDAR 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].



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. 3.1 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
signi cantly 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 192images. 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 rstly train our model on KITTI using
images at640 192 resolution and, then test on Make3D without a ne-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
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