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Abstract

Self-supervised monocular depth estimation has long been
treated as a point-wise prediction problem, where the depth
of each pixel is usually estimated independently. However,
artifacts are often observed in the estimated depth map, e.g.,
depth values for points located in the same region may jump
dramatically. To address this issue, we propose a novel self-
supervised monocular depth estimation framework called
GeoDepth, where we explore the intrinsic geometric repre-
sentation in 3D scenes for producing accurate and contin-
uous depth maps. In particular, we model the complex 3D
scene as a collection of planes with varying sizes, where
each plane is characterized by a unique set of parameters,
namely planar normal (indicating plane orientation) and
planar offset (defining the perpendicular distance from the
camera center to the plane). Under this modeling, points
in the same plane are enforced to share a unique represen-
tation and their depth variations related only to pixel co-
ordinates, thus this geometric relationship can be exploited
to regularize the depth variations of these points. To this
end, we design a structured plane generation module that
introduces spatio-temporal geometric cues and the plane
uniqueness principle to recover the correct scene plane rep-
resentation. In addition, we develop a depth discontinuity
module to identify depth discontinuity regions and subse-
quently optimize them. Our experiments on the KITTI and
NYUV2 datasets demonstrate that GeoDepth achieves state-
of-the-art performance, with additional tests on Make3D
and ScanNet validating its generalization capabilities.

1. Introduction

Monocular depth estimation is a pivotal task in computer
vision, which aims to predict a pixel-wise depth map for
a given image. Each value in the depth map measures the
distance from the corresponding point in the 3D scene to
the camera plane [44]. Given its ability to provide 3D
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scene structure information, monocular depth estimation
is broadly applicable in fields such as autonomous driving
[11, 33], robotics [7], and augmented reality [31]. While su-
pervised learning can deliver high-performance depth pre-
dictions, acquiring dense depth labels is often costly. As
a result, self-supervised monocular depth estimation meth-
ods, which leverage only video or stereo images for training
[9, 13, 46, 60], have emerged as a practical alternative.

Despite its advantages, self-supervised monocular depth
estimation frequently encounters difficulties in achieving
accurate and smooth depth estimation, particularly in re-
gions lacking texture [27, 55, 57]. This mainly because
the mainstream approaches usually adopts a point-to-depth
modeling strategy (refer to Fig. 1(a)), where image pixels
are treated as independent points, and the depth values are
estimated from their discrete representations[28]. As a re-
sult, artifacts are often observed in the estimated depth map,
e.g., depth values for points located in the same region may
jump dramatically. We refer to this phenomenon as depth
discontinuity. Some works [27, 36, 54, 55, 57, 59] attempt
to leverage only plane cues from surface normals to facil-
itate smoother depth estimation by assuming neighboring
pixels form a local plane. Nevertheless, relying solely on
surface normals as plane indicators might be unreliable, as
it contradicts the principle of plane uniqueness in Geomet-
ric Algebra [20], which necessitates both a normal vector
and an offset for a definitive plane representation in 3D
space. Therefore, it is appealing to develop a robust model-
ing strategy to capture the intrinsic geometric representation
for achieving accurate and continuous depth estimation.

In this paper, we propose a new self-supervised monoc-
ular depth estimation framework called GeoDepth, where
a novel plane-to-depth modeling strategy is developed to
address the depth discontinuity issues inherent in point-to-
depth methods. The motivation of GeoDepth is that a 3D
scene can essentially be modeled as a collection of planes
of varying sizes, where all points within the same plane can
be described by a unique set of parameters, namely the pla-
nar normal and planar offset [20]. As depicted in Fig. 1(b),
our methodology models coplanar points as a uniform pla-
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Figure 1. An illustration of our motivation. (a) Self-supervised monocular depth estimation has long been treated as a point-wise
prediction problem, where the depth of each pixel is usually estimated independently. Consequently, artifacts are often observed in the
estimated depth map, e.g., depth values for points located in the same region may jump dramatically. (b) Instead, our GeoDepth models
the complex 3D scene as planes of varying size, parameterized by planar normals and planar offsets, and infers the geometric correlation
from them to depth. In GeoDepth, coplanar points are modeled as a unified representation instead of discrete representation and their
depth variations are solely related to continuous image coordinates (see Eq. (1)). Therefore, by recovering structured representation among

pixels, we are able to obtain more continuous depth map.

nar representation, rather than discrete points. This insight
naturally leads us to estimate these two planar properties
from the input image as a structured plane representation
and derive the geometric correlation to depth from them. In
our modeling framework, the depth variations of coplanar
points are exclusively linked to pixel coordinates (see Eq.
(1)), thereby eliminating depth discontinuities by restoring
the structured representation among pixels.

To accurately recover the plane representation, we pro-
pose a structured plane generation module. This module
initially utilizes spatio-temporal geometric cues to guide
the two planar properties to recover the approximate scene
structure, and then jointly optimizes them based on the
plane uniqueness principle [20] to ensure that coplanar
points converge to a unified representation. Additionally,
recognizing that depth discontinuities often occur in low-
texture regions, we introduce a depth discontinuity aware-
ness module that dynamically identifies pixels with lower
photometric errors as potential depth discontinuity regions
and subsequently optimizes them.

We conduct extensive experiments on two outdoor
datasets: KITTI [11] and Make3D [37], and two indoor
datasets: NYUv2 [42] and ScanNet [6]. Results on KITTI

and NYUv2 show that our method achieves state-of-the-

art performance and that our design choices are effective.

Results on Make3D and ScanNet verify the generalization

ability of our method to unseen outdoor and indoor scenes.

In summary, our main contributions are as follows:

* We introduce GeoDepth, a novel self-supervised monocu-
lar depth estimation framework, which develops a plane-
to-depth modeling strategy to address the depth disconti-
nuity issues inherent in point-to-depth methods.

* We propose a structured plane generation module and
a depth discontinuity awareness module to learn correct
plane representations (i.e., normal and offset) in a self-
supervised paradigm.

» Extensive experiments on widely-used outdoor datasets
(KITTT and Make3D) and indoor datasets (NYUv2 and
ScanNet) show the robustness and generalization ability.

2. Related Work

2.1. Supervised Monocular Depth Estimation

As a pioneering work on supervised learning, Eigen et al.
[8] first predicted a depth from a single image by stacking
coarse-scale and fine-scale networks. Since then, many su-
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pervised works have been proposed by modifying the model
architecture [38, 50, 56], training on large datasets [5, 51],
designing robust loss functions [26, 61], and transforming
this task into an ordinal regression issue [2, 3, 21, 39]. How-
ever, we can only capture sparse depth data from the phys-
ical world, and collecting large-scale training data is time-
consuming and expensive. Thus, high data requirements
and collection costs limit the application of these methods.

2.2. Self-supervised Monocular Depth Estimation

Considering that large-scale annotated datasets are not al-
ways available, self-supervised depth estimation methods
have attracted some attention. Garg et al. [10] first in-
troduced an alternative to learn depth from stereo pairs in
a self-supervised manner. To release the requirement of
stereo images, Zhou et al. [66] estimated depth map and
camera pose simultaneously and only used video data in the
training phase. Following this, a series of works were pro-
posed by designing robust losses [16, 41, 58], using auxil-
iary information during training [25, 48], dealing with mov-
ing objects [13, 24], and adding extra geometric constraints
[27, 55]. However, these methods adopt point-to-depth
modeling, that is, independently modeling the depth of each
pixel [28], leading to depth discontinuities. In contrast, we
revisit this task and propose a novel self-supervised frame-
work, which utilizes plane-to-depth modeling to tackle the
depth discontinuities.

2.3. Plane Cues for Depth Estimation

The purpose of depth estimation is to obtain depth maps
with continuous structure. To this end, one type of monocu-
lar depth estimation work attempts to introduce multi-plane
representations. GonzalezBello er al. [14, 15] predefined
multiple depth planes and then used a deep neural net-
work to learn the predefined plane to which each pixel be-
longs. However, as real 3D scenes are complex and contain
slanted planes, such representation is sensitive to discretiza-
tion [47]. Another type of work focuses on incorporating
local plane prior. Yang et al. [55] introduced an edge-aware
depth-normal consistency constraint inside the network to
regularize the depth map by using the surface normal ex-
tracted from the depth map. Subsequently, some works
[36, 54, 59] jointly predicted the depth map and the sur-
face normal, and regularized the depth with a depth-normal
consistency loss. In addition, StructDepth [27] adopted
a Manhattan-world assumption in indoor settings, forcing
major surfaces (floor, ceiling, and walls) to align with dom-
inant directions. However, these methods adopted solely
surface normals as plane guides, which is unreliable since
it cannot represent the scene plane deterministically. More-
over, as non-planar region violates the local plane assump-
tion, planar guidance in these methods is performed on all
pixels, leading to incorrect depth training.

3. Plane-to-Depth Modeling

In monocular depth estimation, the objective is to produce
a depth map where each value corresponds to the distance
between the camera plane and its corresponding point in
the 3D scene. Consequently, once the 3D scene has been
reconstructed, the depth map can be readily derived using
the principles of perspective geometry.

Typically, a real-world 3D scene can be seen as an as-
sembly of planes of varying dimensions, ranging from the
entire scene down to a single pixel. According to the plane
uniqueness representation principle, a plane in 3D space can
be represented by a normal vector n and an offset vector o.
Thus, a complete 3D scene can be mathematically denoted
as: ™ = {nk,ok},iv[:l, where M is the number of planes
in the 3D scene. According to the point-normal form, a
3D point P on a plane m; = {n;,0;} satisfies: n] P = o,
In addition, the 3D point P located in the plane 7; can be
projected to a 2D point p = [u, v]T in the image space:
p = P/(dK™ '), where p denotes the homogeneous coordi-
nate of p, d is the depth at P, and K is intrinsic to the camera.
Thus, for an individual plane, the geometric correlation be-
tween the depth and planar normal as well as planar offset
is defined as:

d= 2 (1)
n'K'p

It can be observed that the depth variations of coplanar
points are exclusively linked to pixel coordinates p, since
their planar normal and planar offset are equal. This insight
naturally leads us to estimate these two planar properties
from the input image as a structured plane representation
and derive the geometric correlation to depth from them. To
this end, we extend Eq. (1) to formulate the plane-to-depth
modeling for self-supervised monocular depth estimation:

__ 0W
D(p) - NT(p)K_lﬁ’ (2)

where N € R¥>*HxW g ¢ R3>*HXW gnd p € R3*HXW
are the planar normal, planar offset, and depth map of an
image, respectively. Note that I x W represent the spatial
resolution of the input image.

Compared with the direct prediction of pixel-wise depth
in existing self-supervised monocular depth estimation
framework, our approach focuses on mining structured ex-
plicit plane representation and enjoys the following benefits.
First, under our plane-to-depth modeling, coplanar points
are modeled as a unified representation instead of discrete
representation and their depth variations are solely related to
continuous image coordinates. Thereby, we can avoid depth
discontinuities by recover the correct structured scene rep-
resentation. Second, estimating depth by fitting a plane ef-
fectively smooth local noise and reduce errors due to miss-
ing texture or other interference factors.
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Figure 2. Overview of the proposed method. Instead of estimating the depth map from the input image, we first predict the planar normal
and planar offset as structured plane representation, where the discontinuous regions will be detected by our proposed depth discontinuity
awareness module and corrected by our proposed structured plane generation, from which the depth map will then be inferred.

4. The GeoDepth Model

Based on our plane-to-depth modeling described in Section
3, we propose GeoDepth to address the depth discontinu-
ity issues inherent in point-to-depth methods. The overview
of our proposed GeoDepth is presented in Fig. 2. In our
framework, instead of estimating the pixel-wise depth map
from the input image, we first predict the planar normal
and planar offset as structured plane representation, where
the discontinuous regions will be detected by our proposed
depth discontinuity awareness module and corrected by our
proposed structured plane generation, from which the depth
map will then be inferred. Benefiting from our plane-to-
depth modeling and corresponding plane constraints, copla-
nar points are modeled as a unified representation instead of
discrete representation and their depth variations are solely
related to continuous image coordinates. This results in an
accurate and continuous depth map.

In the following sections, we first detail the two key com-
ponents: structured plane generation module (Sec. 4.1) and
depth discontinuity awareness module (Sec. 4.2). Then, we
provide our self-supervised training scheme (Sec. 4.3).

4.1. Structured Plane Generation

To recover the correct plane representation, we propose a
structured plane generation (SPG) module, which is de-
picted in Fig. 2. See supplementary materials for de-
tails. This module first uses spatio-temporal geometric cues
to guide two planar properties to recover the approximate
scene structure, and then jointly optimize them to ensure
that coplanar points recover a unified representation.

Planar Normal Alignment. We exploit spatial and tempo-
ral geometric cues to align the estimated normals. Specifi-
cally, we first restore the scene point cloud using the depth
map by: P = DK~'p, and select eight neighbor points to

infer the normal of the central point, as shown in Fig. 3.
Then, based on the orthogonality, the normal can be calcu-
lated by cross-product: n, = P,P,, X P.P.,, where P,
is the central point, and P, P, are the neighbor point.
To improve the robustness of the final derived normals, we
compute the average of the four initial normals:
4

Mi;@» 3)
Using the derived normals, the normal alignment in the spa-
tial dimension is defined as:

Asn =1 — cos(WY7(N,), T/ (N,)). €))
where W'/ is the interpolation function with a downsam-
pling rate of 1/0. We introduce downsampling to alleviate
the impact of boundary pixels.

Additionally, to ensure the temporal consistency of pla-
nar geometry, we further explore temporal normal align-
ment. Given the planar normal V,, of the neighboring view,
we can use the camera pose Teo, = [Reon|teon] to infer
its observation normal in the target view: N;L = R,,2:N,,
where R, is the inverse of rotation matrix R.o,. Subse-
quently, the planar normal of the target frame can be recov-
ered by warping the observation normal N/,

Nnae :N;AL <pT0j(DCaT02n7K)> (5)

After obtaining the transformed planar normal, the normal
alignment in the temporal dimension is defined as:

Apn = min(1 ~ cos(UY7 (N o), W7 (N,))).  (6)

Using Eq. (6), we not only foster geometric consistency
among samples within a batch but also extend this consis-
tency across the entire video sequence.

Combining Eq. (4) and Eq. (6), the complete normal
alignment can be defined as:

Planar Offset Alignment. We also mine the spatial and
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Figure 3. The illustration of Depth-to-Normal.

temporal geometric cues to align planar offset. According
to the Eq. (2), given the derived planar normal V. and esti-
mated depth D, we can infer a pseudo planar offset:

0.(p) = De(p)N; (p)K'p ®)
Thus, the spatial offset alignment is defined as:
Aso = P(E7(0), 017 (0)), ©)

where P is the photometric error [13].

Then, we mine temporal cues to align the estimate pla-
nar offset. Given the depth map D, of captured image, we
can obtain its observation depth D/, in the neighboring view
based on the warp operation, and then infer the observation
planar offset of the neighboring view:

0, (p) =D,,N, (p)K™'p (10)
Besides, the sample planar offset of source view can be cal-
culated by interpolating estimated offset O,,:
0! =0, (proj(D., Teon,K)) (11)
It is noted that we cannot directly use O,, because the warp-
ing flow does not lie on the pixel grid. Finally, the temporal
planar offset alignment is defined as:
Ao = ménp(\lfl/g(O;l), wl/oomny). (12)
Similar to the temporal normal alignment, this constraint
allows the consistency to be propagated to the entire video
sequence during the training stage.

Similar to planar normal alignment, our spatio-temporal
offset alignment can be defined as:

-Ao = -Aso + -Ato~ (13)
Planar Uniqueness Alignment. By using the planar nor-
mal alignment and the planar offset alignment respectively,
we can recover the roughly planar structure of the two pla-
nar properties. However, these two planar properties do not
exist in isolation. According to the plane uniqueness repre-
sentation principle, all points in a same plane can be repre-
sented by sharing a unique set of planar normal and planar
offset. To this end, we jointly optimize the planar normal
and planar offset by penalizing their first-order gradients to
ensure that coplanar points recover a unified representation:

A, = ‘Wl/a(zvc)‘Jr]Wl/U(OC) a4

Eq.(14) enforces consistent gradient variations, reinforcing
the geometric consistency of both attributes so that they col-
lectively represent the same plane across coplanar points.
The impact of SPG on scene geometry estimation is
shown Fig. 4. Without SPG, the plane representation is
inaccurate, while with SPG guidance, the plane represen-
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Planar normal Planar offset Depth
Figure 4. Visualization of scene geometric cues. (a) Without SPG,
the plane representation is inaccurate. (b) With SPG guidance, the

plane representations are consistent, and the depth map is accurate.

tations are consistent, and the depth map is accurate.

4.2. Depth Discontinuity Awareness

We know that depth discontinuity typically manifest in low-
texture regions, where photometric errors are usually small
and insufficient to provide effective supervision. To localize
these discontinuity regions, we propose a depth discontinu-
ity awareness module, which adaptively selects areas with
lower photometric errors. This module is illustrated in Fig.
2. Using the inferred depth map D, the predicted camera
pose T, and the neighboring image I, we first synthe-
size the target image I,,0.. Then, we calculate the per-pixel
photometric errors P(I.,I,2.). Finally, discontinuous re-
gions can be identified by a threshold 7T
R = [P(167In2c) < 7-] ) (15)
where [-] is the Iverson bracket. For R, a value of 1 corre-
sponds to discontinuous depth, and O to continuous depth.
Obviously, it is unreasonable to use a fixed threshold due
to the varying degree of low-frequency components in each
image. For this, we propose to use an adaptive threshold.
Considering that the photometric error will gradually de-
crease with the improvement of depth accuracy during train-
ing, 7 is designed to be the mean of the photometric errors:

LS P L), (16)
p

HxW

Besides, pixels in high-texture areas can usually estimate
accurate depth and thus exhibit lower photometric errors,
but will have slightly larger errors than low-texture pixels
due to their own pixel intensity and bilinear interpolation.
Thus, to filter out these pixels, we reformulate Eq. (15) as:
R =[P In2e) < p-T), a7
where p is a balancing coefficient used to preserve disconti-
nuity pixels. Using Eq. 17, we are able to accurately aware
discontinuous regions and then avoid depth discontinuities
by incorporating the structured plane generation module.

4.3. Self-Supervised Training

Similar to general self-supervised frameworks [13, 46, 60],
our proposed GeoDepth consists of a depth network Fy
and a pose network F,. Given a training instance {I.,1,},
we first use the F, to estimate their two planar properties
{N.,0.} and {N,,,0,}, respectively, and predict the rela-
tive pose T .oy, between them by F;,. Subsequently, we infer
the final depth according to Eq. (2). To learn a robust depth
estimation model, in addition to the general loss £, we add



Dataset‘ Method \ Size \Mode\Train Test‘RMSEL RMSE log| Sq Rel| Abs Rel¢\5< 1.2576<1.25%21 6<1.25%1

Monodepth [12] 512x256| S v v 5927 0.247 1.344 0.148 | 0.803  0.922 0.964
3Net [35] 512x256| S v v | 5.888 0.208 1.201  0.119 | 0.844  0.941 0.978
Monodepth2 [13] |640x192| S v v | 4960 0.208 0.873 0.109 | 0.864  0.948 0.975
BRNet [19] 640x192| S v v | 4716 0.197 0.876  0.103 | 0954 0.978
Monodepth2 [13] |640x192| MS | v v | 4.750 0.196 0.818 0.106 | 0.874  0.957 0.979
DepthHints [48] 640x192) MS | v Vv | 4.627 0.189 0.769 0.105 | 0.875 0.959 0.982
HR-Depth [32] 640x192) MS | v v | 4.612 0.185 0.785 0.107 | 0.887  0.962 0.982
R-MSFM6 [67] 640x192) MS | v v | 4.625 0.189 0.787 0.111 | 0.882  0.961 0.981
_. [Monodepth2 [13] |640x192f M | v© v | 4.863 0.193 0903 0.115 | 0.877  0.959 0.971
E HR-Depth [32] 640x192) M | v Vv | 4.632 0.185 0.792 0.109 | 0.884  0.962 0.983
2 CADepth-Net [53] |640x192] M | v v | 4535 0.181 0.769 0.105 | 0.892  0.964 0.983
DIFFNet [64] 640x192) M | v Vv | 4483 0.180 0.764 0.102 | 0.896  0.965 0.983
MonoFormer [1]  [640x192) M | v v | 4.580 0.183 0.846 0.104 | 0.891 0.962 0.982
SC-DepthV3 [45] |640x192| M | v Vv | 4.709 0.188 0.756  0.118 | 0.864  0.960 0.984
SRD-Depth [30] |640x192] M | v V| 4.619 0.186 0.762 0.111 | 0.877  0.961 0.983
Swin-Depth [40] |640x192| M | v Vv | 4.510 0.182 0.739  0.106 | 0.890  0.964 0.984
Lite-Mono [60] 640x192| M | v Vv | 4.561 0.183 0.765 0.107 | 0.886  0.963 0.983
ShuffleMono [29] |640x192] M | v/ Vv | 4.821 0.193 0.850 0.114 | 0.872  0.957 0.980
Liu et al. [29] 640x192) M | v Vv | 4724 0.187 0.747 0.114 | 0.863  0.960 0.984
Dynamo-Depth [46]/640x192] M | v v | 4505 0.183 0.758 0.112 | 0.873  0.959 0.984
GeoDepth 640x192) M | v v | 4.381 0.176 0.694 0.100 | 0.897 0.966 0.984
Monodepth2 [13] [640x192] M | x Vv | 7.418 0.163 3.589 0.322 - - -
HR-Depth [32] 640x192] M | x Vv | 7.024 0.159 3.208 0.315 - - -
CADepth-Net [53] |640x192] M | X v | 7.066 0.159 3.086 0.312 - - -
2  |DIFFNet [64] 640x192) M | x v | 7.008 0.155 3313 0.309 - - -
% Lite-Mono [60] 640x192] M | X v | 6981 0.158 3.060 0.305 - - -
S Zhao et al. [62] 640x192) M | X v | 7.095 0.158 3.200 0.316 - - -
Xiong et al. [52] |640%x192] M | x Vv | 7.005 0.161 3.102 0.319 - - -
GeoDepth 640x192] M | X Vv | 6.735 0.153 2.750  0.296 - - -

Table 1. Quantitative depth estimation results on the KITTI [11] and Make3D [37] datasets. Comparison methods are grouped by
training mode: S indicates stereo training, M indicates monocular training, and MS indicates both stereo and monocular training. The
KITTI dataset is used to assess within-dataset performance, while the Make3D dataset is used to evaluate cross-dataset generalization. “v"”
in the train column or test column means training or testing in this dataset, while “X” in the train column means not training in this dataset.
“-” indicates not applicable. The best results are in bold.

| A TR T
= =" =

(a) Input (b) Monodepth2 (c) Lite-Mono (d) Ours
Figure 5. Qualitative results on the KITTI dataset [11]. The depth maps predicted by MonoDepth2 and Lite-Mono exhibit inconsistencies
in planar regions and noticeable errors along object edges. In contrast, our method produces smoother and more accurate depth estimations,
effectively preserving both planar structures and sharp boundaries.

a structured planar generation loss £, during training. Our Lon = Y minPI.,In2), Lsm = Y. |0:D] e~ 10=1e|
overall loss function can be formulated as: 19,D7] e~191cl and \ is fixed to 0.001. D* = D,./D
L=Lg+ Lap. (18) is the mean-normalized inverse depth. L, is defined as:

The L, consists of a minimum photometric loss and an L= TV (R)(yAn + 9 Ao + wA,), where v, ¢, and
edge-ware smoothness loss: L, = Ly, + ALy, Where w are set as 0.03, 0.01 and 0.1.
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Dataset ‘ Method ‘ Size ‘ Mode ‘ Train Test ‘ RMSE| Abs Rel| ‘ §<1.251 6<1.25%1 §<1.2537
MovinglIndoor [65] | 320x256 | M v v | 0712 0.208 0.674 0.900 0.968
Monodepth2 [13] | 320256 | M v v | 0.601 0.160 0.767 0.949 0.988
P2Net [57] 320x256 | M v v | 0.599 0.159 0.772 0.942 0.984

~ SC-DepthV1 [4] 320x256 | M v v | 0.639 0.159 0.734 0.937 0.983
5 PLNet [22] 320256 | M v v 0.562 0.151 0.790 0.953 0.989
>~ StructDepth [27] 320256 | M v v | 0.540 0.142 0.813 0.954 0.988
Z ADPDepth [43] 320x256 | M v v | 0592 0.165 0.753 0.934 0.981
F2Depth [17] 320256 | M v v | 0.569 0.153 0.787 0.950 0.987
Guo et al. [18] 320256 | M v v | 0567 0.152 0.792 0.950 0.988
Ours 320256 | M v v | 0.520 0.134 0.833 0.963 0.991
MovinglIndoor [65] | 320x256 | M X v | 0483 0.212 0.650 0.905 0.976
Monodepth2 [13] | 320x256 | M X v | 0458 0.200 0.672 0.922 0.981
TrainFlow [63] 320256 | M X v | 0415 0.179 0.726 0.927 0.980
% P2Net [57] 320x256 | M X v | 0420 0.175 0.740 0.932 0.982
g PLNet [22] 320256 | M X v 0414 0.176 0.735 0.939 0.985
3 IFMNet [49] 320256 | M X v | 0402 0.170 0.758 0.940 0.989
SC-Depthvl1 [4] 320256 | M X v | 0.392 0.169 0.749 0.938 0.983
StructDepth [27] 320x256 | M X v | 0.400 0.165 0.754 0.939 0.985
GeoDepth 320256 | M X v | 0.387 0.161 0.769 0.946 0.987

Table 2. Quantitative depth estimation results on the NYUv2 [42] and ScanNet [60] datasets. The NYUv2 dataset is used to assess
within-dataset performance, while the ScanNet dataset is used to evaluate cross-dataset generalization.

5. Experiments

5.1. Datasets and Evaluation Metrics

Outdoor Datasets. KITTI [11] is a standard outdoor
benchmark. Following Monodepth2 [13], we use the data
split of Eigen er al. [8], which has 39,180 monocular
triplets for training, 4,424 for evaluation, and 697 for test-
ing. Make3D [37] is often used as outdoor generaliza-
tion test. It consists 134 images. The image is resized to
640 x 192 during both training and testing.

Indoor Datasets. NYUv2 [42] contains 464 videos cap-
tured by a hand-held camera. Following StructDepth [22],
we use 654 images for testing and the remaining 335 se-
quences for training and validation. ScanNet [6] provides
1513 indoor videos, captured by handheld devices. We use
the test split in StructDepth [27], including 533 images, to
verify generalization. The image is resized to 320 x 256
during both training and testing.

Evaluation Metrics. We follow Monodepth2 [13] using
absolute relative error (Abs Rel), relative squared error
(Sq Rel), root mean squared error (RMSE), root mean
squared logarithmic error (RMSE log), and threshold ac-
curacy (0<1.25, 0<1.25% and 0<1.25%).

5.2. Implementation Details

We implemented model in PyTorch [34] using an NVIDIA
RTX 3090 GPU. Our models are trained for 20 epochs on
the outdoor dataset and 40 epochs on the indoor dataset
using Adam optimizer [23], with a batch size of 12 and
16, respectively. The learning rate is set to 10~%, and de-

cays to 1075 after 15 epoch for outdoor dataset and af-
ter 20 epoch for indoor dataset. The «, o, and p are set
to 0.85, 2, and 0.5, respectively. Our goal was to vali-
date the core idea of plane-to-depth modeling, so we did
not incorporate performance-improving techniques from re-
cent SOTA methods (e.g., arbitrary-scale data augmenta-
tion in RA-Depth and the transformer-based feature extrac-
tor in MonoViT). Instead, we opted for a simpler archi-
tecture (only borrowing the DepthNet and PoseNet from
RA-Depth) to avoid introducing excessive complexity and
to focus on demonstrating the effectiveness of our method.
Thus, we did not include a direct comparison with these
works. However, the results of integrating our idea with
SOTA methods are reported in the supplementary material.

5.3. Comparison on Qutdoor Scene

KITTI. Table | provides quantitative results of training and
testing on the outdoor dataset, i.e., KITTI dataset. Our
method outperforms existing self-supervised approaches on
all metrics. In particular, our method relatively outperforms
the classical method Swin-Depth by 6.1% and by 5.7% in
terms of Sq Rel and Abs Rel, respectively. Moreover, our
method achieves superior performance when trained only
on monocular videos, even compared to methods trained on
stereo pairs or a combination of stereo pairs and monocu-
lar videos. We also compare the qualitative performance
with the classic work Monodepth2 [13] and the recent work
Lite-Mono [60]. As can be seen in Fig. 5, the depth maps
predicted by MonoDepth2 and Lite-Mono are inconsistent
in plane areas and exhibit noticeable errors at edges. In con-
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Figure 6. Qualitative results on the NYUv2 dataset [42].

(b) StructDepth

trast, the depth generated by our method is smooth and ac-
curate for both plane regions and edges.

Generalization Study on Make3D. To show the general-
ization capability in outdoor scenes, we test on Make3D
[37]. All models were trained only on KITTI. Table | shows
the quantitative comparison. Our method outperforms all
previous work, indicating our method can be well general-
ized to unseen outdoor scenes.

5.4. Comparison on Indoor Scene

NYUv2. Compared to outdoor scenes, indoor scenes is
challenging because it contains many low-texture planes.
To verify the effectiveness in difficult scene, we trained and
tested on NYUv2 [42], and the results are shown in Table
2. Our method outperforms all other self-supervised meth-
ods, which demonstrates that utilizing plane-to-depth mod-
eling can improve the depth quality. Moreover, we provide
the qualitative performance with self-supervised methods
including focusing on indoor scenes, as shown in Fig. 6.
It can be found that our proposed method obtain continuous
depth results in region lacking texture.

Generalization Study on Make3D. Table 2 shows the gen-
eralization comparison of our method with state-of-the-art
methods on ScanNet [6]. All models are trained on NYUv2
[42]. Our method outperforms all previous approaches,
which demonstrates our method can be well generalized to
unseen indoor scenes.

5.5. Ablation Study.

In Table 3, we present an ablation study evaluating the
impact of three key components in our method: Plane-
to-Depth Modeling (P2D), Depth Discontinuity Awareness
(DDA), and Structured Plane Generation (SPG). These
components are progressively added to a baseline model
that predicts depth directly from a single image.

Effects of Plane-to-Depth Modeling. Incorporating the
Plane-to-Depth modeling shows a notable improvement
over the baseline. By modeling planes explicitly and in-
ferring the depth from plane properties, RMSE decreases
from from 4.471 to 4.436, and Sq Rel decreases 0.751
to 0.740, indicating our plane-to-depth modeling can effi-
ciently leverage structured scene cues across pixels for en-
hancing depth accuracy. Furthermore, compared with the

Method  [P2D SPG DDARMSE | Sq Rel] § <1.251[#Params
Baseline 4471 0.751  0.895 | 9.98M
+P2D v 4436 0.740 0.896 | 10.0M
+P2D+SPG| vV 4412 0.722 0.896 | 10.0M
GeoDepth | v v v | 4381 0.694 0.897 | 10.0M

Table 3. Ablation study. Baseline: Predict depth directly from a
single image. P2D: Using Plane-to-Depth modeling. DDA: Using
Depth Discontinuity Awareness module SPG: Using Structured
Plane Generation module.

baseline framework, there are only few parameter increases,
indicating that the performance improvement mainly comes
from modeling rather than by increasing model parameters.
Effects of Structured Plane Generation. When the SPG
module is added to the P2D model, there is a further reduc-
tion in RMSE and Sq Rel, with values dropping to 4.412 and
0.722, respectively. Moreover, the SPG module does not
add any new model parameters. This configuration demon-
strates that SPG significantly enhances the structured pre-
diction of depth planes, thereby optimizing the depth per-
formance of the model.

Effects of Depth Discontinuity Awareness. Finally,
adding the DDA module, as seen in the full model
(GeoDepth), yields the best results. The complete model
achieves an RMSE of 4.381 and Sq Rel of 0.694, with o
reaching 0.897. Moreover, the DDA module does not add
any new model parameters. This improvement highlights
the ability of the DDA module to accurately identify dis-
continuous regions and then avoid depth discontinuities by
incorporating the structured plane generation module.

6. Conclusion

In this paper, we introduce a paradigm shift for continuous
depth estimation by proposing GeoDepth, which utilizes
plane-to-depth modeling to overcome the depth discontinu-
ity of point-to-depth methods. Specifically, our GeoDepth
models the complex 3D scene as planes of varying size, pa-
rameterized by planar normals and planar offsets, and in-
fers the depth from them. Then, we propose a structured
plane generation module and a depth discontinuity aware-
ness module to learn correct plane representations (i.e., nor-
mal and offset) in a self-supervised paradigm. Extensive
experiments on widely-used outdoor datasets (KITTI and
Make3D) and indoor datasets (NYUv2 and ScanNet) show
the robustness and generalization ability.
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