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Sparse Pseudo-LiDAR Depth Assisted
Monocular Depth Estimation

Shuwei Shao, Zhongcai Pei, Weihai Chen∗, Qiang Liu, Haosong Yue and Zhengguo Li, Fellow, IEEE

Abstract—Monocular depth estimation has attracted extensive
attention and made great progress in recent years. However, the
performance still lags far behind LiDAR-based depth completion
algorithms. This is because the completion algorithms not only
utilize the RGB image, but also have the prior of sparse depth
collected by LiDAR. To reduce this performance gap, we propose
a novel initiative that incorporates the concept of pseudo-LiDAR
into depth estimation. The pseudo-LiDAR depends only on the
camera and thus achieves a lower cost than LiDAR. To emulate
the scan pattern of LiDAR, geometric sampling and appearance
sampling are proposed. The former measures the vertical and
horizontal azimuths of 3D scene points to establish the geometric
correlation. The latter helps determine which “pseudo-LiDAR
rays” return an answer and which do not. Then, we build a sparse
pseudo-LiDAR-based depth estimation framework. Extensive
experiments show that the proposed method surpasses previous
state-of-the-art competitors on the KITTI, NYU-Depth-v2 and
SUN RGB-D datasets. The source code and trained models will
be publicly available upon acceptance.

Index Terms—Monocular Depth Estimation, LiDAR, Pseudo-
LiDAR

I. INTRODUCTION

Monocular depth estimation is a classical research topic in
computer vision and is critical for a wide range of applications,
for example, autonomous driving, 3D reconstruction and scene
understanding [1]–[4]. Given that there are an infinite number
of 3D scenes that can be projected onto the same 2D scene,
such a task is ill-posed and inherently ambiguous. Because of
the explosion of deep learning, significant advances have been
made in this field [5]–[7]. Nevertheless, the performance is
still far behind the counterparts, namely, LiDAR-based depth
completion algorithms [8]–[11].

The depth completion algorithms take as inputs the RGB
image and the sparse depth map captured by LiDAR, which
provides an accurate sparse depth prior of the surrounding en-
vironment. Although highly precise, LiDAR is very expensive.
Motivated by the success of utilizing pseudo-LiDAR in other
relevant tasks [12]–[14], we propose a pseudo-LiDAR based
framework to recover a high-quality depth map. The pseudo-
LiDAR depends only on the camera and thus costs less than
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Fig. 1. Illustration of the depth prediction and sparse depth maps from
the proposed pseudo-LiDAR and LiDAR.

LiDAR. Because the original input to our framework is still a
single image, it belongs to the monocular depth estimation. An
illustration of our depth prediction, sparse depth maps from
the proposed pseudo-LiDAR and LiDAR is shown in Fig. 1.

Previous pseudo-LiDAR-based methods, such as [13], use
dense depth maps or point clouds, which we refer to as dense
pseudo-LiDAR. Based on our observations and experiments,
we argue that sparse pseudo-LiDAR may be a better choice
for depth estimation, since not only are the depth values vital,
but their distribution patterns also matter. We binarize the
sparse depth map collected by LiDAR and use the resultant
binary mask to sparsify the dense depth map. In this case, the
sparsified depth map only has depth values at partial pixels
with specific distribution patterns and a pixel with depth has
the same value as a pixel of the dense depth map at the same
location, but performance is boosted significantly. An intuitive
comparison is presented in Fig.2. It is not surprising given that
the sparse depth map from LiDAR contains massive amounts
of valuable information apart from the depth values. For
example, geometric correlation, pixels with depth values near
the same arc have similar vertical azimuths in the 3D space,
and semantic relation, pixels in highly reflective/transparent
regions or the sky tend to miss depth values. However, the
scan pattern of LiDAR is not available at test time.

To address this problem, we introduce the geometric sam-
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Fig. 2. Intuitive comparison on the Eigen split of the KITTI dataset
(cap: 0-80m). N: NeWCRFs [7]; DDM: dense depth map; DPC: dense
point cloud; SDM: sparse depth map. (LiDAR#) means that we binarize
the sparse depth map collected by LiDAR, where 1 stands for where
there is a depth value and 0 stands for where there is no depth value,
and leverage the resultant binary mask to sparsify the dense depth map
predicted from NeWCRFs by replacing the Swin-Large backbone [15]
with Swin-Tiny. In this case, the difference between sparse and dense
depth maps is only the number of pixels with depth values. For “N +
DDM” and “N + SDM”, the input is the RGB image and depth map. For
“N + DPC”, the input is the RGB image and dense point cloud converted
from the dense depth map.

pling and appearance sampling to emulate the scan pattern of
LiDAR. The geometric sampling1 measures the vertical and
horizontal azimuths of every back-projected 3D scene point
and samples points in light of the azimuths. This enables the
geometric correlation to be established among sampled points.
The appearance sampling effectively says ‘for a particular
view, what is the likelihood of a “pseudo-LiDAR ray” in this
direction returning an answer?’, owing to absorption, specular
reflection, or diffusion, which is achieved in a learning-based
manner. The input is the RGB image and dense depth map. The
ground-truth is a soft map acquired by binarizing the sparse
depth map from LiDAR and then blurring it with a simple
Gaussian filter. In contrast to the binary mask, the denser soft
map makes the learning of appearance sampling easier.

The full pipeline of our sparse pseudo-LiDAR-based depth
estimation framework is demonstrated in Fig. 3. To summarize,
the contributions of this work are as follows:

• We introduce a novel initiative for monocular depth esti-
mation that integrates the strengths of depth completion
algorithms utilizing a pseudo-LiDAR, which can provide
a critical depth prior of the surrounding environment at
a low cost.

• We additionally find that the distribution pattern of depth
values has a heavy impact on performance, and propose a
new sparse pseudo-LiDAR by simulating the scan pattern
of LiDAR with the developed geometric sampling and
appearance sampling.

• Extensive experiments indicate the efficacy of our frame-
work with state-of-the-art performance on the KITTI [16],
NYU-Depth-v2 [17] and SUN RGB-D [18] datasets 2.

1We assume that the camera coordinate system coincides with the LiDAR
coordinate system.

2While the NYU-Depth-v2 and SUN RGB-D are not collected by LiDAR,
our sparse pseudo-LiDAR can be applied to these two datasets also.

II. RELATED WORK

A. Monocular Depth Estimation

Monocular depth estimation aims to predict the depth map
from a single image. Saxena et al. [19] introduced one of the
first learning-based studies, where the Markov random field is
used to regress the depth map. Following this, Eigen et al. [5]
proposed combining global coarse-scale and local fine-scale
convolutional neural networks (CNNs). Since then, numerous
follow-up studies have been proposed. Laina et al. [20] lever-
aged fully convolutional residual networks and a reverse Huber
loss. Cao et al. [21] and Fu et al. [22] reformulated depth
estimation from the perspective of classification, predicting the
optimal depth interval rather than the exact depth. Qi et al. [23]
built a geometric neural network to jointly estimate the depth
map and surface normal. Lee et al. [6] introduced multi-scale
planar layers to provide effective guidance of encoded features
for the desired depth prediction. Yin et al. [24] suggested the
concept of a virtual normal, which allowed robust imposing
of a geometric constraint on the depth map. Yang et al. [25]
made use of the Vision Transformer (ViT) [26] as the encoder.
Bhat et al. [27] generalized the ordinal regression network [22]
by acquiring adaptive bins according to the image content.
Patil et al. [28] proposed a piecewise planarity prior to leverage
information from coplanar pixels. Shao et al. [29] used the
ensemble strategy to integrate strengths from both CNN and
Transformer. Yuan et al. [7] developed neural conditional
random field (CRF) modules to capture long-range correlation
in the decoder. Li et al. [31], Jiao et al. [32], Qiao et al. [33],
Zhang et al. [34] and Zhang et al. [35] further improved
the performance by incorporating auxiliary scene class or
semantic information. In contrast to these studies, we develop
a sparse pseudo-LiDAR-based framework to obtain a high-
quality depth map.

B. Pseudo-LiDAR

Recently, pseudo-LiDAR has been widely adopted in 3D
object detection. These studies leveraged a depth estimation
network to estimate dense depth maps or point clouds, which
were utilized to reduce the performance gap between image-
based and LiDAR-based methods [12]–[14]. To be specific,
Weng et al. [36] performed monocular depth estimation and
transformed the input image into a pseudo-LiDAR point cloud
for detection. Park et al. [37] developed an end-to-end frame-
work to better utilize the strengths of pseudo-LiDAR. Li et
al. [38] proposed utilizing a binary neural network to achieve
timely depth prediction in pseudo-LiDAR. Simonelli et al. [39]
equipped the pseudo-LiDAR-based methods with a confidence
prediction module to boost the performance. Obviously, the
pseudo-LiDAR has a lower cost than LiDAR because there is
a large cost difference between camera and LiDAR. In other
fields too, pseudo-LiDAR has gradually received increasing
attention. Wang et al. [40] utilized pseudo-LiDAR to improve
self-supervision in scene flow estimation. Deng et al. [41] used
pseudo-LiDAR to establish the spatial connection of the points
for visual odometry recovery.

Taking inspiration from these relevant studies, a novel ini-
tiative that incorporates pseudo-LiDAR into monocular depth
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Fig. 3. Overview of the proposed sparse pseudo-LiDAR-based depth estimation framework. The framework contains two parts: sparse pseudo-LiDAR
generation and sparse pseudo-LiDAR-based depth estimation. Before feeding into the second part, we concatenate the RGB image and the sparse depth map
along the channel dimension and use a 7× 7 convolution kernel to align the number of channels to 3. Details about the structure of both DepthNets can be
found in the methodology section.

estimation is introduced in this work. Moreover, the signal of
our pseudo-LiDAR is sparse by leveraging geometric sampling
and appearance sampling to sparsify the dense pseudo-LiDAR.

C. Spatial Sampling Strategy

The spatial sampling of an unknown function has been
extensively studied in widespread fields, which include spatial
statistics [42], computer graphics [43], image processing [44],
and remote sensing [45]. Irregular sampling strategies, e.g.,
keypoint-based sampling [46] and Poisson disk sampling [47],
are prone to demonstrate better spatial coverage and uniformity
compared to regular sampling on an integral lattice. Neverthe-
less, implementing the Poisson disk sampling practically can
be challenging because of the high computational complexity.
Caflisch [48] further developed Monte Carlo methods to refine
the Poisson disk sampling by utilizing quasi-random sequences
and sampling patterns. These quasi-random sequences, also
known as low-discrepancy sequences [49], are deterministi-
cally constructed to ensure a uniform coverage of the sampling
space. In contrast, we introduce the geometric sampling and
appearance sampling to emulate the scan pattern of LiDAR.

III. METHODOLOGY

In this section, we elaborate on our sparse pseudo-LiDAR-
based depth estimation framework. The whole pipeline con-
sists of two parts: sparse pseudo-LiDAR generation and sparse
pseudo-LiDAR-based depth estimation.

A. Problem Formulation

Given a training set D = {(r,d)}N1 containing N RGB
image and depth ground-truth pairs, prior supervised methods
train a depth network to map an RGB image r into a depth
map d̂,

Dθ : r→ d̂, (1)

where Dθ denotes the depth network. Unlike previous studies,
our paradigm leverages the sparse depth map d from pseudo-
LiDAR and RGB image to achieve a high-quality depth map,

Dθ : r,d→ d̂. (2)
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Fig. 4. Illustration of the vertical and horizontal azimuths.

B. Sparse Pseudo-LiDAR Generation

To generate the pseudo-LiDAR, we adopt a DepthNet mod-
ified from NeWCRFs [7] to predict dense depth maps, where
we replace the Swin-Large [15] with Swin-Tiny, and introduce
geometric sampling and appearance sampling to simulate the
LiDAR scan pattern. The details are presented below.
Geometric sampling. We assume that the camera coordinate
system coincides with the LiDAR coordinate system. Consider
a dense depth map d̂, where a pixel is defined as p = (u, v).
For each p, the corresponding 3D scene point in the camera
coordinate system can be back-projected as

P = d̂ (p)K−1h (p) (3)

with

K =

 fx 0 cx
0 fy cy
0 0 1

 , (4)

where P = (X,Y, Z), h (·) denotes the homogeneous coordi-
nate, fx and fy stand for the focal lengths along the x and
y axes, respectively and (cx, cy) denotes the principal point.
We calculate the vertical azimuth (Fig. 4) of P, which is the
angle between the straight line connecting the camera center
to P and the plane XcZc

αv = arctan

(
Y√

X2 + Z2

)
. (5)

Suppose that the vertical field of view and the vertical azimuth
resolution of pseudo-LiDAR are [αmin

v , αmax
v ] and σv , respec-
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Fig. 5. Illustration of the sampled points for geometric sampling.
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Fig. 6. Illustration of the binary masks and the corresponding Gaussian maps.

tively. Then, the vertical azimuths of the “pseudo-LiDAR rays”
are calculated as

αraysv =
{
αray 0
v , . . . , αray iv , ...

}
, (6)

with
αray iv = αmin

v + i
(
αmax
v − αmin

v

)
/σv. (7)

To acquire the 3D scene points captured by each ray, the L1
distance between αv and αray iv is measured

dist =
∣∣αv − αray iv

∣∣ , (8)

and we treat points with the smallest distances along the
vertical direction as the capture points, defined as pv .

Although the horizontal field of view of LiDAR is 360°,
its scan pattern in the horizontal direction is not continuous.
To sample points along the horizontal direction, we calculate
the horizontal azimuth (Fig. 4) of P, which denotes the angle
between the projection of the straight line from the camera
center to P on the plane XcZc and the Xc axis

αu = arctan

(
Z

X

)
. (9)

From αu, we can acquire the maximum and minimum hori-
zontal azimuths of 3D scene points, defined as αmax

u and αmin
u ,

respectively. Suppose that the horizontal azimuth resolution of
pseudo-LiDAR is σu. Then, the number of horizontal azimuths
to use is obtained by

num =
(
αmax
u − αmin

u

)
/σu. (10)

We compute the indices of these horizontal azimuths

idxs = {idx 0, ..., idx j, ...} (11)

with

idx j = j (W − 1) /num, (12)

where W is the width of dense depth map. According to the
indices, we can acquire the corresponding horizontal azimuths
and points, defined as pu. The intersection of pv and pu is
taken as the set of sampling points for geometric sampling,
which are illustrated in Fig. 5.
Appearance sampling. During the process of scanning, Li-
DAR may fail to receive the return signal owing to absorption,
specular reflection or diffusion which can result in missing
depth values. Nevertheless, this allows the semantic correla-
tion to be included in its scan pattern, as these regions are
usually from highly reflective/transparent objects or sky. The
appearance sampling helps determine which “pseudo-LiDAR
rays” return an answer and which do not and is achieved in a
learning-based manner.

We binarize the sparse depth map from LiDAR, where 1
indicates where there is a depth value and 0 indicates no depth
value, and the resultant binary mask B indicates which regions
are visible to LiDAR, but also raises the problem of how to
predict them. For example, due to the quite low resolution of
LiDAR, the Velodyne LiDAR employed to collect the KITTI
dataset [16] has only 64 beams. This results in the fact that
only some of the pixels with a value of 0 in the binary mask
are from regions hard to return signals.

To mitigate the problem, we densify the binary mask to a
soft map using a simple Gaussian filter G, which we refer to
as the Gaussian map G, as shown in Fig. 6,

G = G ∗ B, (13)



IEEE TRANSACTIONS ON INTELLIGENT VEHICLES, VOL. XX, NO. XX, XXXX 2023 5

RGB Image Gaussian Map Prediction

Fig. 7. Illustration of the predicted Gaussian maps. The car window and sky tend to be given low values.

Sparse Depth Map (LiDAR) Sparse Depth Map (pseudo-LiDAR)

Fig. 8. Illustration of the sparse depth maps collected by the proposed pseudo-LiDAR and LiDAR on the KITTI dataset.

Sparse Depth Map (pseudo-LiDAR)RGB Image

Fig. 9. Illustration of the sparse depth maps collected by the proposed
pseudo-LiDAR on the NYU-Depth-v2 dataset.

where ∗ is the convolution operation. In contrast to the sparse
binary mask, the denser Gaussian map enjoys two strengths: (i)
it better abstracts the visible property of LiDAR by filling the
gaps between neighboring sample points but does not wrongly
fill up invisible regions, and (ii) it is easier to be predicted
since it contains continuous values as opposed to 0 or 1 in the
binary mask.

A network is used to predict the Gaussian map, whose input
is the RGB image and dense depth map. We apply LG to
enforce the Gaussian map prediction Ĝ to approximate G,

LG =
∑

p

∣∣∣G (p)− Ĝ (p)
∣∣∣. (14)

Based on Ĝ, we generate a binary mask with a threshold t

B̂ = Ĝ > t. (15)

The points with a value of 1 in B̂ are treated as the sampling
points for appearance sampling. As demonstrated in Fig. 7,
we visualize the Gaussian map predictions. Highly reflective
or transparent regions, such as car windows and sky, tend to be
given low values. In addition, the boundaries of some objects
are clearly highlighted.

We make use of the coincident sampling points of geometric
sampling and appearance sampling to sparsify the dense depth
map, and the resultant sparse depth map is used as the output
of our pseudo-LiDAR, as presented in Figs. 8 and 9. It should
be noted that while sparse pseudo-LiDAR generation requires
depth ground-truth during the training phase, it does not need
depth ground-truth once the training is completed. This allows
it to be applied to unseen scenarios.

C. Sparse Pseudo-LiDAR-Based Depth Estimation

Different from previous learning paradigms, we utilize the
sparse depth map collected by our sparse pseudo-LiDAR and
RGB image to infer depth. Because the original input to the
pipeline is a single RGB image, our paradigm belongs to the
monocular depth estimation. Here, we simply concatenate the
sparse depth map and RGB image along the channel dimen-
sion, while using two separate branches for sparse depth map
and RGB image feature extraction as some depth completion
algorithms such as [9] may yield higher accuracy. Then, we
utilize a single 7×7 convolution kernel to align the number of
channels to 3 and feed it to the depth network. To supervise
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Fig. 10. Qualitative results on the KITTI online benchmark. The boxes in orange indicate the focused regions. The second and third rows show depth
maps, and the fourth and fifth rows show error maps, where the large errors are in orange or red.

the depth prediction, we use a scaled scale-invariant (SSI) loss
introduced by Lee et al. [6],

LSSI = κ

√√√√ 1

|T|
∑

p

(g (p))2 − η

|T|2

(∑
p

g (p)

)2

, (16)

where g (p) = log d̂ (p) − logd (p), d represents the depth
ground-truth, and T is a set of pixels with valid ground-truth
values. κ and η are set to 10 and 0.85 following [6].

D. Network Architecture.
The whole pipeline consists of two depth networks based on

an encoder-decoder structure with skip connections. The depth
network for sparse pseudo-LiDAR build adopts a lightweight
network for practical applications, with Swin-Tiny [15] as the
encoder. The depth network for depth estimation uses Swin-
Large [15] as the encoder. The neural window full-connected
CRFs [7] constitute the decoder of both depth networks, which
are capable of capturing significant long-range correlation. The
network to predict the Gaussian map follows a design similar
to the first depth network. In the encoding stage, we utilize
Swin-Tiny. For the decoding stage, we utilize the decoder
of the depth network with a small modification. In the final
prediction layer, only the sigmoid activation function is used
to constrain the output because the Gaussian map values are
between 0 and 1.

IV. EXPERIMENTS

We conduct extensive experiments on multiple challeng-
ing datasets for outdoor and indoor scenarios, including
KITTI [16], NYU-Depth-v2 [17] and SUN RGB-D [18]. Note
that although the NYU-Depth-v2 and SUN RGB-D are not
collected by LiDAR, the proposed sparse pseudo-LiDAR can
also be applied to these two datasets. The acquisition sensors
for these two datasets, for example, Kinect, also suffer from
highly reflective/transparent objects such as mirrors, therefore
losing depth values in these regions.

A. Datasets and Evaluation Metrics

KITTI dataset is collected from outdoor scenarios utilizing
equipment such as camera and LiDAR mounted on a moving
vehicle, along with the stereo images and corresponding 3D
laser scans. The image resolution is around 1241×376 pixels.
We employ two widely used data splits, Eigen split [5] and
official split. The former consists of 23488 training image pairs
and 697 test images, and the latter consists of 42949 training
pairs, 1000 validation pairs and 500 test images. Note that the
ground-truth depth maps of the test images are not available
for the official split, and the test results are generated by an
online server.

NYU-Depth-v2 dataset provides indoor images and depth
maps at a resolution of 640× 480 pixels. Following previous
studies, we employ the official split to validate the proposed
method. The split uses 249 scenes for training and 654 images
from 215 scenes for testing.

SUN RGB-D dataset is captured from indoor scenes
with four sensors and broad scene diversity, composed of
approximately 10K images. We only use this dataset for the
generalization study and do not use it for training. We evaluate
pre-trained models on the official test set of 5050 images.

Evaluation metrics. We adopt the evaluation metrics as in
previous studies [31]:

• SILog:

√
1
|T|
∑

g∈T (g)
2 − 1

|T|2

(∑
g∈T g

)2
;

• Abs Rel: 1
|T|
∑

d̂∈T

∣∣∣d̂− d
∣∣∣/d;

• Sq Rel (eigen split): 1
|T|
∑

d̂∈T

∥∥∥d̂− d
∥∥∥2/d;

• Sq Rel (official split): 1
|T|
∑

d̂∈T

∥∥∥d̂− d
∥∥∥2/d2;

• RMSE:

√
1
|T|
∑

d̂∈T

∥∥∥d̂− d
∥∥∥2;

• RMSE log:

√
1
|T|
∑

d̂∈T

∥∥∥log d̂− logd
∥∥∥2;

• iRMSE:

√
1
|T|
∑

d̂∈T

∥∥∥1/d̂− 1/d
∥∥∥2;
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Fig. 11. Qualitative results on the Eigen split of the KITTI dataset. The boxes in red highlight the focused regions.

Method Cap δ < 1.25 ↑ δ < 1.252 ↑ δ < 1.253 ↑ Abs Rel ↓ RMSE ↓ Sq Rel ↓ RMSE log ↓

P3Depth [28] 0-80m 0.953 0.993 0.998 0.071 2.842 0.270 0.103
TransDepth [25] 0-80m 0.956 0.994 0.999 0.064 2.755 0.252 0.098

BTS [6] 0-80m 0.954 0.992 0.998 0.061 2.834 0.261 0.099
PWA [50] 0-80m 0.958 0.994 0.999 0.060 2.604 0.221 0.093

Adabins [27] 0-80m 0.964 0.995 0.999 0.058 2.360 0.190 0.088
TEDepth‡ [29] 0-80m 0.968 0.996 0.999 0.056 2.223 0.174 0.084
NeWCRFs [7] 0-80m 0.974 0.997 0.999 0.052 2.129 0.155 0.079

Ours 0-80m 0.977 0.997 0.999 0.050 2.034 0.142 0.076

TransDepth [25] 0-50m 0.963 0.995 0.999 0.061 1.992 0.185 0.091
BTS [6] 0-50m 0.962 0.994 0.999 0.058 1.995 0.183 0.090

PWA [50] 0-50m 0.965 0.995 0.999 0.057 1.872 0.161 0.087
TEDepth [29]† 0-50m 0.972 0.997 0.999 0.054 1.664 0.135 0.080
P3Depth [28] 0-50m 0.974 0.997 0.999 0.055 1.651 0.130 0.081

Ours 0-50m 0.980 0.998 1.000 0.049 1.541 0.112 0.073

TABLE I
PERFORMANCE COMPARISON ON THE EIGEN SPLIT OF KITTI DATASET. ‡ STANDS FOR ENSEMBLE-BASED APPROACH. TEDEPTH INTEGRATES 3
DEPTH ESTIMATION MODELS, WITH CONFORMER [51], RESNEXT101 [52] AND VOLO [53] AS BACKBONES, RESPECTIVELY. THE BEST RESULTS ARE

HIGHLIGHTED IN BOLD.

• log10: 1
|T|
∑

d̂∈T

∥∥∥log10d̂− log10d
∥∥∥2;

• δ < thr: % of d̂ satisfies
(
max

(
d̂
d ,

d
d̂

)
= δ < thr

)
for

thr = 1.25, 1.252, 1.253.

B. Implementation Details
The proposed framework is implemented in PyTorch [54]

and trained on NVIDIA TITAN RTX GPUs. We use the Adam
optimizer [54] where β1 = 0.9, β2 = 0.99 and a batch
size of 8. The learning rate is scheduled through polynomial
decay from 2e-5 to 2e-6. For the KITTI dataset, we set the
vertical field of view [αmin

v , αmax
v ], vertical azimuth resolution

σv and horizontal azimuth resolution σu to [-2.812, 22.804],
0.4 and 0.16, respectively. The parameter settings roughly
match the Velodyne HDL-64E LiDAR for KITTI acquisition.
For the NYU-Depth-v2 and SUN RGB-D, we remain σv and
σu unchanged and adjust [αmin

v , αmax
v ] to [−22.804, 22.804]

because the sensors collecting these two datasets have a larger
vertical field of view. The Gaussian filter size is 5× 5 and the

threshold t is 0.02. The entire training schedule contains two
stages. We first train the depth network and Gaussian map
network for 20 epochs, which are utilized to construct our
sparse pseudo-LiDAR. The collected sparse depth maps can be
saved offline to reduce the memory consumption and training
time of the second stage. Then, we input the RGB image and
sparse depth map to train the depth estimator for 20 epochs.
The proposed framework is the same in training and inference
phases.

C. Comparison to the State-of-the-art Competitors

KITTI. We first compare the proposed method against the
competing approaches on the Eigen split. As demonstrated in
Table I, the proposed method outperforms existing approaches,
including ensemble-based or not. In addition, noticeable im-
provement is achieved on Sq Rel and RMSE by improving
the NeWCRFs by 6.5 % and 4.5 %, respectively, when the
maximum depth is capped at 80m. For the 50m cap, our
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Method dataset δ < 1.25 ↑ δ < 1.252 ↑ δ < 1.253 ↑ SILog ↓ Abs Rel iRMSE ↓ RMSE ↓ Sq Rel ↓

DORN [22] validation 0.913 0.985 0.995 12.22 11.78 11.68 3.80 3.03
BTS [6] validation 0.938 0.987 0.996 10.67 7.51 8.10 3.37 1.59

BA-Full [55] validation 0.938 0.988 0.997 10.64 8.25 8.47 3.30 1.81
NeWCRFs [7] validation 0.968 0.995 0.998 8.31 5.54 6.34 2.55 0.89

Ours validation 0.971 0.995 0.999 7.92 5.31 6.02 2.46 0.82

PAP† [34] online test - - - 13.08 10.27 13.95 - 2.72
P3Depth [28] online test - - - 12.82 9.92 13.71 - 2.53

DORN [22] online test - - - 11.77 8.78 12.98 - 2.23
BTS [6] online test - - - 11.67 9.04 12.23 - 2.21

BA-Full [55] online test - - - 11.61 9.38 12.23 - 2.29
PackNet-SAN [56] online test - - - 11.54 9.12 12.38 - 2.35

PWA [50] online test - - - 11.45 9.05 12.32 - 2.30
ViP-DeepLab† [33] online test - - - 10.80 8.94 11.77 - 2.19

NeWCRFs [7] online test - - - 10.39 8.37 11.03 - 1.83

Ours online test - - - 10.14 8.16 10.84 - 1.75

TABLE II
PERFORMANCE COMPARISON ON THE OFFICIAL SPLIT OF KITTI DATASET. NOTE THAT THE SQ REL IS COMPUTED IN A DIFFERENT WAY HERE. THE

SILOG IS THE MAIN RANKING METRIC. † INDICATES THAT THE MODEL IS TRAINED USING ADDITIONAL SEMANTIC LABELS. “-” MEANS NOT
APPLICABLE.

Method Cap δ < 1.25 ↑ δ < 1.252 ↑ δ < 1.253 ↑ Abs Rel ↓ RMSE ↓ Sq Rel ↓ log10 ↓

TRL† [35] 0-10m 0.815 0.962 0.992 0.144 0.501 - -
VNL [24] 0-10m 0.875 0.976 0.994 0.108 0.416 - 0.048
DAV [57] 0-10m 0.882 0.980 0.996 0.108 0.412 - -
BTS [6] 0-10m 0.871 0.977 0.995 0.113 0.407 0.066 0.049

Long et al. [58] 0-10m 0.890 0.982 0.996 0.101 0.377 - 0.044
PWA [50] 0-10m 0.892 0.985 0.997 0.105 0.374 - 0.045

TransDepth [25] 0-10m 0.900 0.983 0.996 0.106 0.365 - 0.045
Adabins [27] 0-10m 0.903 0.984 0.997 0.103 0.364 - 0.044
P3Depth [28] 0-10m 0.898 0.981 0.996 0.104 0.356 - 0.043

TEDepth‡ [29] 0-10m 0.907 0.987 0.998 0.100 0.349 - 0.043
Jiao et al.† [32] 0-10m 0.915 0.983 0.996 0.100 0.333 - 0.040
NeWCRFs [7] 0-10m 0.922 0.992 0.998 0.095 0.334 0.045 0.041

BinsFormer? [31] 0-10m 0.925 0.989 0.997 0.094 0.330 - 0.040

Ours 0-10m 0.933 0.991 0.999 0.088 0.313 0.040 0.038

TABLE III
PERFORMANCE COMPARISON ON THE NYU-DEPTH-V2 DATASET. HERE TEDEPTH INTEGRATES 5 DEPTH ESTIMATION MODELS, WITH

CONFORMER [51], VOLO [53], RESNET101 [59], R50+VIT-B/16 [26] AND DENSENET161 [60] AS BACKBONES, RESPECTIVELY. ? INDICATES THAT
THE MODEL IS TRAINED USING AUXILIARY SCENE CLASS INFORMATION.

method goes well beyond the P3Depth. Fig. 11 presents a qual-
itative depth comparison. It can be seen that the NeWCRFs
struggles with difficult object boundaries, e.g., humans and
signposts, while our method is capable of estimating these
smaller details.

We then compare against the competing approaches on the
official split. The results on the validation set and test set
are listed in Table II, where the results on the test set are
generated by an online server. As can be seen, our method
outperforms previous approaches again. Besides, we notice
that even compared to the approaches using additional seman-
tic labels, such as ViP-DeepLab, our method is able to exceed
them by a large margin, which emphasizes the effectiveness of
the developed sparse pseudo-LiDAR. We visualize some depth
predictions and corresponding error maps from the online

server in Fig. 10.
NYU-Depth-v2. To demonstrate the generality of the pro-

posed sparse pseudo-LiDAR, we evaluate our method on the
indoor dataset NYU-Depth-v2 collected by Kinect. The results
are summarized in Table III. It can be seen that our method
exceeds existing leading approaches, such as BinsFormer using
auxiliary scene class information, on most metrics. Fig. 12 dis-
plays a qualitative depth comparison. Obviously, our method
is more robust to texture variations and preserves fine-grained
details.

D. Generalization Ability

We study the generalization performance of our method to
verify that it does learn transferable discriminative features
rather than just memorizing the statistics of training data. The
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Input GT BTS OursTransDepth Adabins NewCRFs

Fig. 12. Qualitative results on the NYU-Depth-v2 dataset. The boxes in white highlight the focused regions.

Method δ < 1.25 ↑ δ < 1.252 ↑ Abs Rel ↓ RMSE ↓ log10 ↓

Chen [61] 0.757 0.943 0.166 0.494 0.071
VNL [24] 0.696 0.912 0.183 0.541 0.082
BTS [6] 0.740 0.933 0.172 0.515 0.075

Adabins [27] 0.771 0.944 0.159 0.476 0.068
P3Depth [28] 0.698 - 0.178 0.541 -
NeWCRFs [7] 0.798 0.967 0.151 0.424 0.064

BinsFormer? [31] 0.805 0.963 0.143 0.421 0.061

Ours 0.817 0.970 0.135 0.408 0.060

TABLE IV
RESULTS ON THE SUN RGB-D DATASET WITH MODELS TRAINED

FROM THE NYU-DEPTH-V2 DATASET.

ID DP GS AS δ < 1.25 ↑ Abs Rel ↓ RMSE ↓ Sq Rel ↓

1 0.974 0.052 2.129 0.155
2 3 0.975 0.053 2.090 0.149
3 3 3 0.976 0.052 2.053 0.147
4 3 3 0.976 0.052 2.052 0.148
5 3 3 3 0.977 0.050 2.034 0.142

TABLE V
ABLATION STUDY. DP: DENSE PSEUDO-LIDAR; GS: GEOMETRIC

SAMPLING; AS: APPEARANCE SAMPLING.

models are trained on the NYU-Depth-v2 dataset but evaluated
on the SUN RGB-D dataset, without any fine-tuning. The
results are listed in Table IV, which indicate that our method
indeed generalizes better across different cameras.

E. Ablation Study

To demonstrate the contribution of individual components
to the overall performance, we present an ablative analysis on
the KITTI dataset, as depicted in Table V.

We start from the baseline (ID 1) [7]. By first introducing
the dense pseudo-LiDAR, which in fact is equivalent to depth
refinement, we observe a slight performance improvement on

Method δ < 1.25 ↑ Abs Rel ↓ RMSE ↓ Sq Rel ↓

Baseline [7] 0.974 0.052 2.129 0.155
DP 0.975 0.053 2.090 0.149

DP + US 0.974 0.053 2.120 0.155
DP + KS 0.969 0.057 2.228 0.174

DP + UGS 0.976 0.052 2.077 0.150
Ours 0.977 0.050 2.034 0.142

TABLE VI
COMPARISON OF DIFFERENT SAMPLING MANNERS. DP: DENSE

PSEUDO-LIDAR; US: UNIFORM SAMPLING; KS: KEYPOINT-BASED
SAMPLING; UGS: UNCERTAINTY-GUIDED SAMPLING.

Method δ < 1.25 ↑ Abs Rel ↓ RMSE ↓ Sq Rel ↓

Baseline [7] 0.974 0.052 2.129 0.155
Ours with SP (BTS [6]) 0.976 0.051 2.050 0.146

Ours with SP (TransDepth [25]) 0.976 0.051 2.047 0.145
Ours 0.977 0.050 2.034 0.142

TABLE VII
EFFECT OF DIFFERENT DEPTH NETWORKS IN THE PROPOSED SPARSE

PSEUDO-LIDAR. SP (BTS [6]: BTS IS USED AS THE DEPTH NETWORK IN
OUR SPARSE PSEUDO-LIDAR. SP (TRANSDEPTH [25]): TRANSDEPTH IS

USED AS THE DEPTH NETWORK IN OUR SPARSE PSEUDO-LIDAR.

Method Abs Rel ↓ Parameters (M) ↓ Inference Time (s) ↓

TEDepth [29] 0.100 535 0.557
NeWCRFs [7] 0.095 270 0.052

BinsFormer? [31] 0.094 255 0.216
Ours (SP) - 181 0.038
Ours (DE) 0.088 270 0.052

TABLE VIII
COMPARISON OF MODEL PARAMETERS AND INFERENCE TIME ON THE

NYU-DEPTH-V2 DATASET. SP: SPARSE PSEUDO-LIDAR; DE: DEPTH
ESTIMATOR.

most metrics (ID 2). Although the performance is improved, it
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Uncertainty MapRGB Image Sparse Depth Map (uncertainty-guided sampling)

Fig. 13. Illustration of the uncertainty-guided sampling.

RGB Image Sparse Depth Map (uniform sampling)

Fig. 14. Illustration of the uniform sampling.

RGB Image Sparse Depth Map (keypoint-based sampling)

Fig. 15. Illustration of the keypoint-based sampling.

is limited. Then, we append the geometric sampling (ID 3) or
the appearance sampling (ID 4) to mimic the scan pattern of
LiDAR, again with a consistent performance improvement. We
finally combine the dense pseudo-LiDAR, geometric sampling
and appearance sampling, and construct the proposed sparse
pseudo-LiDAR (ID 5) thereby, achieving the best results. The
reason behind may be that geometric and appearance sam-
plings bring additional valuable information such as, geometric
correlation, semantic correlation and highlighted boundaries.

In addition, we develop more sampling manners including
uniform sampling, keypoint-based sampling, and uncertainty-
guided sampling to further indicate the strengths of geometric
sampling and appearance sampling.
Uniform sampling. The sparse depth map captured by LiDAR
has roughly 18400 samples per map. In this case, we uniformly
sample 18400 points from the dense depth map (Fig. 14).
Keypoint-based sampling. We adopt the scale-invariant fea-
ture transform algorithm [46] to extract keypoints, which are
then used to sample the dense depth map (Fig. 15).
Uncertainty-guided sampling. To acquire the uncertainty of
dense depth map, we modify the prediction layer of DepthNet
to jointly predict the dense depth map and the corresponding

uncertainty map. We adopt LU to supervise the uncertainty
prediction Û (p),

LU =
∑

p

∣∣∣Û (p)− U (p)
∣∣∣ (17)

with

U (p) = 1− exp

−
∣∣∣d̂ (p)− d (p)

∣∣∣
b

 , (18)

where b is a coefficient that controls the tolerance for error
and is set as 0.2. We use the 4× 4 sliding window to choose
the point with the lowest uncertainty in each window and use
these points as sampling points (Fig. 13).

The results are demonstrated in Table VI. It is not surprising
that the uncertainty-guided sampling performs better than the
other two sampling methods as it selects points with accurate
depth values through uncertainty. Nonetheless, the uncertainty-
guided sampling is inferior to the proposed sampling manners,
indicating that accurate depth values in pseudo-LiDAR are
alone not enough, but their distribution patterns matter as well.

We further explore the effect of different depth networks in
the proposed sparse pseudo-LiDAR. As shown in Table VII,
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we use the BTS and TransDepth with relatively lower accuracy
as the depth network in the proposed sparse pseudo-LiDAR.
The results indicate that both variants exceed the baseline by
a large margin and our framework is robust to the variation of
depth networks in sparse pseudo-LiDAR.

F. Model Parameters and Inference Time

We compare the proposed framework against several well-
behaved approaches including TEDepth, NeWCRFs and Bins-
Former in terms of inference time and the number of model pa-
rameters. As can be seen from Table VIII, our depth estimator
shares an identical number of parameters and inference time
with NeWCRFs. When our depth estimator is equipped with
the designed sparse pseudo-LiDAR, it has fewer parameters
and less inference time than TEDepth. Although it has more
parameters than BinsFormer, it is 58% faster than BinsFormer
in terms of inference time. In addition, the proposed frame-
work is much more performant than the compared approaches.
Therefore, the proposed framework achieves a better balance
between performance, number of parameters and inference
time.

V. CONCLUSION

A novel perspective is proposed in this work for monocular
depth estimation by introducing the concept of pseudo-LiDAR.
Furthermore, we propose geometric sampling and appearance
sampling to simulate the scan pattern of LiDAR. The former
allows geometric relation to be built, and the latter tells us
the likelihood of a “pseudo-LiDAR ray” returning an answer.
Extensive experiments on the KITTI, NYU-Depth-v2 and SUN
RGB-D datasets show that the proposed method outperforms
previous state-of-the-art competitors. We hope our novel initia-
tive will encourage more sophisticated pseudo-LiDAR-based
depth estimation achievements.
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