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Abstract

Accurate perception of the vehicle’s 3D surround-
ings, including fine-scale road geometry, such as bumps,
slopes, and surface irregularities, is essential for safe
and comfortable vehicle control. However, conventional
monocular depth estimation often oversmooths these
features, losing critical information for motion planning
and stability. To address this, we introduce Gamma-
from-Mono (GfM), a lightweight monocular geometry
estimation method that resolves the projective ambiguity
in single-camera reconstruction by decoupling global
and local structure. GfM predicts a dominant road sur-
face plane together with residual variations expressed
by 𝛾, a dimensionless measure of vertical deviation from
the plane, defined as the ratio of a point’s height above
it to its depth from the camera, and grounded in estab-
lished planar parallax geometry. With only the camera’s
height above ground, this representation deterministi-
cally recovers metric depth via a closed form, avoiding
full extrinsic calibration and naturally prioritizing near-
road detail. Its physically interpretable formulation
makes it well suited for self-supervised learning, elimi-
nating the need for large annotated datasets. Evaluated
on KITTI and the Road Surface Reconstruction Dataset
(RSRD), GfM achieves state-of-the-art near-field accu-
racy in both depth and 𝛾 estimation while maintaining
competitive global depth performance. Our lightweight
8.88M-parameter model adapts robustly across diverse
camera setups and, to our knowledge, is the first self-
supervised monocular approach evaluated on RSRD.

1. Introduction

Modern robotics and autonomous vehicles demand scal-
able 3D perception, but achieving it with a single camera
remains challenging [23]. Monocular Geometry Esti-
mation (MGE) reconstructs per-pixel 3D structure from
a single image, enabling cost-effective 3D perception
without specialized sensors [2]. Specifically, accurate
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Figure 1. Overview of our self-supervised model. (a) Predicts
𝛾 (height/depth ratio) and road normal 𝑁⃗pred. Height visualiza-
tions are clipped from 0 to 0.25 m. (b, c) 3D point clouds from
KITTI [8] and RSRD [46], with input images in the top-left.

3D reconstruction of the near-road geometry is crucial
for navigation in autonomous driving [16, 17], support-
ing obstacle avoidance and motion planning [32], and it
is also vital for off-road and legged robotics, where el-
evation and local slope guide traversability and footstep
planning [21]. However, monocular depth estimation
methods, which are commonly used in these domains,
struggle to accurately capture road topography [47].
Textureless pavements and low-contrast surfaces often
lead to oversmoothing and underestimation of slopes,
causing small obstacles and surface irregularities to be
missed [1, 39, 47]. This limitation is critical, as small
height variations, such as bumps or road-level changes,
can differentiate drivable regions from hazards and neg-
atively impact vehicle dynamics and safety [17, 22, 27].

Metric foundation depth models [4, 18, 19, 41, 42]
generalize well across domains and provide strong
scene-level predictions. However, they do not explic-
itly target road-relative quantities such as height above
the ground or local slope. Moreover, they often suffer
from residual scale drift when deployed in new envi-



ronments, typically requiring inference-time scale cor-
rection. In contrast, self-supervised monocular meth-
ods [5, 7, 11, 14, 28, 30, 37, 45] attempt to resolve
scale ambiguity by incorporating metric anchors such
as odometry sensors or ground-plane constraints. While
these strategies stabilize global scale, they remain depth-
centric, leaving road geometry underconstrained.

In practice, existing monocular pipelines recover
height above the road indirectly via costly post-
processing, such as elevation maps [21]. Recent top-
down (BEV) approaches [47] model road surfaces ex-
plicitly but rely on discretized ground-plane grids and
dense ground-truth supervision, limiting resolution and
scalability in unlabeled settings. Since single-view
depth is projectively ambiguous [24, 40], a road-relative
height-to-depth ratio 𝛾 = ℎ/𝑑 offers a complementary
representation, making 𝛾 dimensionless and tied to the
ground. As shown in Fig. 2, doubling the scale of an
object relative to the ground leaves the apparent vertical
offset unchanged. From a single image the metric con-
figuration is indistinguishable, so depth remains scale
ambiguous, whereas in 𝛾 space, both configurations take
the same dimensionless value, consistently tied to the
road. With a known ground plane and camera height,
this 𝛾 value converts to absolute height and depth in a
simple closed-form way.
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Figure 2. For points (𝑑, ℎ) and (2𝑑, 2ℎ), Δ𝑣 = 𝑓 ℎ/𝑑 equals
Δ𝑣′, the gap depends only on ℎ/𝑑. A known ground reference
fixes metric scale, resolving monocular projective ambiguity.

Accordingly, we introduce Gamma from Mono
(GfM), a single-frame approach that reframes monoc-
ular geometry around the dominant road plane, mitigat-
ing projective ambiguity and reducing scale to a single
camera-height parameter. Our key contributions are:
• We propose a model that directly predicts a road-

relative representation, comprising a global road-
plane normal and a per-pixel height-to-depth ratio (𝛾),
preserving near-road detail.

• To our knowledge, this is the first single-frame, self-
supervised method that directly regresses 𝛾 for road-
relative geometry, enabling explicit, interpretable esti-
mates of road topography.

• We resolve metric scale from a dimensionless pre-
diction, converting to metric depth using only known
camera height and avoiding full extrinsic calibration
or test-time fitting.

2. Related Work
Most prior work in monocular geometry estimation pre-
dicts per-pixel depth [20]. By contrast, the height-to-
depth ratio 𝛾 has been a key parameter for multi-view re-
construction via planar parallax [13, 25, 26]. For exam-
ple, MonoPP [7] uses 𝛾 only as a training-time scale cue
distilled from multi-frame planar-parallax constraints.
On the other hand, Yuan et al. [43] computes per-pixel
𝛾 from multi-frame homography alignment with LiDAR
supervision. Beyond these, monocular methods remain
depth-centric. Both approaches rely on multi-view cues
or explicit ground-truth depth, and neither regresses 𝛾
directly from a single image in a self-supervised setting.

Scale ambiguity. Monocular depth estimation (MDE)
has advanced greatly, yet models trained only on monoc-
ular images recover depth only up to an unknown scale
factor [33, 40]. However, metric-scale depth is crucial
for autonomous driving safety [31]. Recent founda-
tional models such as Metric3D [42], UniDepth [18, 19],
MoGe [33, 34], DepthAnything [40, 41], and Depth-
Pro [4] include metric-depth variants, yet still exhibit
small but persistent scale drift in novel environments.
Moreover, these methods are trained on millions of im-
ages and use large transformer backbones, making them
less suitable for resource-constrained real-time deploy-
ment on limited hardware. Traditional solutions recover
scale through post-processing, such as fitting a known
ground plane, or by integrating explicit cues such as ve-
hicle speed, IMU data during training.

Motion-based supervision. Motion cues from vehi-
cle sensors offer effective scale recovery for monocu-
lar depth. Velocity from odometry or GPS can directly
constrain scale by aligning estimated motion with true
displacement. Guizilini et al. [11] (PackNet) achieved
metric-scaled depth by incorporating odometry-derived
travel distances during training, supervising transla-
tion magnitude to align predicted scene motion with
real-world displacement and reduce scale drift. Sim-
ilarly, Zhang et al. [45] leveraged IMU-derived grav-
ity and acceleration measurements to enforce vertical
and horizontal consistency constraints, improving met-
ric accuracy and robustness across scenes. Wagstaff
and Kelly [30] extended this idea using full inter-frame
pose supervision. These approaches demonstrate how
motion-based cues, whether velocity, IMU, or pose, can
yield scale-consistent monocular depth.

Ground plane constraints. Camera extrinsics with
respect to a flat ground plane provide a valuable scale
cue, widely used in autonomous driving. Sui et al. [28]
enforced a ground-plane constraint to align predicted



depths with known geometry, but faced accuracy limi-
tations due to calibration errors and road irregularities.
VADepth [37] improved robustness by using attention-
based losses on road pixels. In addition, GroCo [5] fur-
ther introduced a network to detect the road plane and
constrain its depth to calibrated metric values. This im-
proves generalization to camera rotations but still re-
quires precise extrinsics during both training and infer-
ence. Moreover, MonoPP [7] leveraged planar-parallax
geometry in a multi-frame teacher-student framework,
achieving state-of-the-art results but requiring com-
putationally intensive training and accurate extrinsics.
FUMET [14] recovered metric scale by first estimating
camera height from the road plane. They then scale it
with a per-frame factor from a learned vehicle-size prior
(LSP) via silhouette–size matching. Training enforces
sequence-wise camera-height invariance. However, re-
liance on the LSP (trained on DVM-CAR [12]) and seg-
mentation quality can potentially bias scale estimates.

Summary and motivation. Monocular geometry es-
timation faces scale ambiguity, often addressed with
external sensors or ground-plane assumptions, though
these can be sensitive to calibration and scene geometry.
In addition, most such approaches focus only on depth,
limiting their ability to reconstruct fine road topography.
Inspired by ground-plane priors [5, 7], we propose a
height-sensitive monocular geometry estimation frame-
work that directly predicts the ratio gamma from a single
image. In contrast to MonoPP [7], which derives 𝛾 from
two-view optical flow and is therefore view-dependent
and prone to alignment errors, our method treats the ratio
as a primary prediction target. This representation mod-
els extrinsic variations [13, 25], reduces calibration re-
quirements, and encodes road-relative elevation, as illus-
trated in Fig. 3. Such height-aware perception benefits
automotive tasks including slope estimation, elevation-
change detection, road-damage identification, and obsta-
cle recognition [1, 27].
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Figure 3. Smoothing a small bump causes negligible depth er-
ror compared to a tree, but in 𝛾-space the errors are similar,
revealing sensitivity to small height changes. A numerical ex-
ample is provided in the supplementary material.

3. Method
Our method identifies the dominant road plane and es-
timates 𝛾, the per-pixel height above the road plane
divided by depth from the camera, in a fully self-
supervised manner. In our experiments, direct height
prediction in self-supervised training collapsed due to its
unconstrained scale. Predicting 𝛾 instead couples height
to depth, yielding a stable, scale-consistent value and
sharper close-range geometry, as later shown in Tab. 1.
We show in the inference model in Fig. 4, how our ap-
proach naturally decomposes the scene reconstruction
into two interpretable components: a global road plane,
described by the normal vector 𝑁⃗pred, capturing the
dominant road geometry and a local per-pixel structure 𝛾
modeling residual fine-grained variations [7, 13, 25, 43].
Consequently, our approach yields a scene-centric geo-
metric representation that effectively captures slopes and
recovers uneven terrain with high precision. Our method
further uses camera height and intrinsics to recover met-
ric geometry in a simple and fast post-processing step.

3.1. Problem Setup

Given a monocular target image 𝐼𝑡, the network 𝜃𝑔 pre-
dicts per-pixel 𝛾𝑡(𝑢, 𝑣) and a single global road-plane
normal 𝑁⃗pred ∈ R3:

𝛾𝑡, 𝑁⃗pred = 𝜃𝑔(𝐼𝑡).

By definition,

𝛾𝑡(𝑢, 𝑣) =
ℎ𝑡(𝑢, 𝑣)

𝑑𝑡(𝑢, 𝑣)
,

where 𝑑𝑡(𝑢, 𝑣) is depth from the camera and ℎ𝑡(𝑢, 𝑣) is
height relative to the road plane. We adopt the conven-
tion that 𝑁⃗pred points upward, so heights are measured
along 𝑁⃗pred and are positive above the road surface.

For training, we employ a self-supervised approach
using neighboring source images 𝐼𝑠 = {𝐼𝑡−1, 𝐼𝑡+1}.
A Pose Network 𝜃𝑝 estimates the 6-DoF relative pose
𝑇𝑡→𝑠 between 𝐼𝑡 and 𝐼𝑠 via 𝑇𝑡→𝑠 = 𝜃𝑝(𝐼𝑡, 𝐼𝑠). Follow-
ing [48], this enables self-supervised learning via novel-
view synthesis. If accurate poses from other sensors are
available, the pose network can be omitted.

3.2. Network Architecture

GfM is based on LiteMono-8M [44] and predicts 𝛾𝑡
and 𝑁⃗pred. The final layer applies a sigmoid and maps
its output to a predefined 𝛾 range using a signed log-
space transform that increases precision near zero. Equa-
tion (1) defines the forward transform from 𝛾 to its log-
space representation 𝛾:

𝛾 = sign(𝛾) log
(︀
1 + 𝛼|𝛾|

)︀
, (1)
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Figure 4. Overview of our model architecture. The main network predicts a per-pixel parameter 𝛾, while PoseNet estimates the
relative pose between 𝐼𝑠 and 𝐼𝑡. From the relative pose, we compute a planar homography to align the planar road surface between
the two images. Additionally, 𝛾 is used to infer depth, scene height, and a probabilistic road mask, as detailed in Sec. 3.3.

where 𝛼 > 0 controls the nonlinearity. Apply the same
transform to the range endpoints to get 𝛾min and 𝛾max.
Given the sigmoid output 𝜎𝑡 ∈ [0, 1], map it linearly in
the transform domain:

𝛾𝑡 = 𝛾min + (𝛾max − 𝛾min)𝜎𝑡. (2)

Finally, invert the transform to obtain 𝛾𝑡:

𝛾𝑡 = sign(𝛾𝑡)
exp
(︀
|𝛾𝑡|
)︀
− 1

𝛼
. (3)

To model global scene geometry, we add a
lightweight global normal head that predicts a single
road-plane normal 𝑁⃗pred. It applies attention pooling to
the bottleneck feature map 𝑥 ∈ R𝐵×𝐶×𝐻×𝑊 to extract
a road-focused descriptor, followed by a linear layer and
ℓ2-normalization to produce a unit vector. Further de-
tails are given in the supplementary material.

𝑁⃗pred =
Linear

(︀
AttnPool(𝑥)

)︀⃦⃦
Linear

(︀
AttnPool(𝑥)

)︀⃦⃦
2

. (4)

Pose network. Following [10, 36, 44], we use a
ResNet-18 backbone for pose estimation, taking two
concatenated RGB frames (6 channels) as input.

3.3. Post-processing Network Outputs

Using a simple post-processing step, our network out-
puts are transformed to interpretable representations:
metric depth, residual parallax flow, and a road mask
for subsequent loss computation and analysis.

Computing depth. Given 𝛾𝑡(𝑢, 𝑣) and intrinsics ma-
trix 𝐾, we compute the metric depth 𝑑𝑡(𝑢, 𝑣) [43] as:

𝑑𝑡(𝑢, 𝑣) =
ℎ𝑐

𝛾𝑡(𝑢, 𝑣) + 𝑁⃗pred · (𝐾−1p(𝑢, 𝑣))
, (5)

with p(𝑢, 𝑣) = [𝑢, 𝑣, 1]⊤. The height relative to the
road follows directly as ℎ𝑡(𝑢, 𝑣) = 𝛾𝑡(𝑢, 𝑣) · 𝑑𝑡(𝑢, 𝑣).

Road-plane homography. Assuming the road is the
dominant planar surface, we compute the homography
between source and target views using the road planar
homography computation in [7, 43]. Warping 𝐼𝑠 with
𝐻𝑠→𝑡 yields the aligned image 𝐼𝑤𝑠 , where the ground
plane should ideally coincide with that of 𝐼𝑡.

Residual parallax flow. Points not lying on the dom-
inant plane do not align under the homography. Their
resulting misalignment, as explained in [7, 43], known
as the planar parallax residual flow ures

𝑠→𝑡 [26], is com-
puted directly from 𝛾𝑡:

𝑢res
𝑠→𝑡 =

−𝛾𝑡
𝑇𝑧

ℎ𝑐

1− 𝛾𝑡
𝑇𝑧

ℎ𝑐

(︀
𝑝𝑡 − 𝑒𝑡

)︀
, (6)

where 𝑇𝑧 ̸= 0 is the translation along the 𝑧-axis, 𝑝𝑡 the
pixel coordinate, and 𝑒𝑡 the epipole in 𝐼𝑡.

Probabilistic road mask. We compute a probabilis-
tic road mask by comparing the predicted global nor-
mal 𝑁⃗pred with local surface normals n(𝑢, 𝑣), obtained



by backprojecting depth [7, 38]. To prevent unintended
interactions with the loss, we detach the depth before
computing n(𝑢, 𝑣), ensuring that the road mask remains
unaffected during optimization. We then measure the
angular deviation between n(𝑢, 𝑣) and 𝑁⃗pred:

𝜃(𝑢, 𝑣) = cos−1

(︃
n(𝑢, 𝑣) · 𝑁⃗pred

‖n(𝑢, 𝑣)‖ ‖𝑁⃗pred‖

)︃
. (7)

We convert this deviation into an angle-based probabil-
ity map 𝑝angle(𝑢, 𝑣) ∈ [0, 1]. We then multiply 𝑝angle by
a Gaussian spatial prior 𝑔(𝑢, 𝑣). The prior is centered
horizontally, and its vertical mean is placed at 0.25 of
the image height measured from the bottom edge to em-
phasize the near-field road region.

ℳroad(𝑢, 𝑣) = 𝑝angle(𝑢, 𝑣) · 𝑔(𝑢, 𝑣). (8)

This weighting improves robustness to uphill/downhill
road slopes and other geometric changes. An illustrative
example is in Fig. 4, with further details in the supple-
mentary material.

Target view synthesis. To reconstruct the target view
𝐼𝑡 from the source 𝐼𝑠, we synthesize two images: 𝐼𝑑𝑠→𝑡

by depth-based warping [5, 10, 44], and 𝐼𝑓𝑠→𝑡 by planar
homography plus residual flow [7]. First, we warp 𝐼𝑠
with the homography 𝐻𝑠→𝑡:

𝐼𝑤𝑠 =
⟨︀
𝐼𝑠, warp(𝐻𝑠→𝑡)

⟩︀
, (9)

then warp off-plane regions with a per-pixel residual
flow ures

𝑠→𝑡:

𝐼𝑓𝑠→𝑡 =
⟨︀
𝐼𝑤𝑠 , warp(ures

𝑠→𝑡)
⟩︀
, (10)

where warp(·) denotes the sampling grid and ⟨𝐼, ·⟩ bi-
linear resampling [3].

3.4. Losses

All pixel-level losses are averaged over valid pixels.

(1) Photometric loss. We measure photometric con-
sistency between synthesized views (𝐼𝑑𝑠→𝑡, 𝐼𝑓𝑠→𝑡) and
the target view 𝐼𝑡 using photometric error (pe) [10]:

pe
(︀
𝐼𝑡, 𝐼𝑡

)︀
= 𝛼

1− SSIM(𝐼𝑡, 𝐼𝑡)

2
+ (1− 𝛼)

⃦⃦
𝐼𝑡 − 𝐼𝑡

⃦⃦
1
,

(11)
where 𝛼 balances SSIM [35] and 𝐿1. Following Mon-
odepth2 [10], we employ minimum reprojection across
source images and use an implicit auto-masking strat-
egy [10] to mitigate occlusions and dynamic objects:

ℒphoto = ℒ𝑑+ℒ𝑓 = min
𝑠

pe
(︀
𝐼𝑑𝑠→𝑡, 𝐼𝑡

)︀
+min

𝑠
pe
(︀
𝐼𝑓𝑠→𝑡, 𝐼𝑡

)︀
.

(12)

While the first photometric loss ℒ𝑑, which compares
warped images synthesized using depth, ensures con-
sistency on large scales, the second term ℒ𝑓 supervises
fine-grained structures near the road surface.

(2) Homography alignment loss. We compute a
masked photometric loss using 𝐼𝑤𝑠 and 𝐼𝑡, restricting the
loss to the dominant road plane:

ℒhomo = ℳroad · pe
(︀
𝐼𝑤𝑠 , 𝐼𝑡

)︀
, (13)

where ℳroad is the probabilistic road mask defined
in Sec. 3.3. This loss enforces accurate alignment of
planar road regions between views [7].

(3) Normal consistency loss. To avoid degenerate or
inverted normals, we penalize deviations between the
predicted normal 𝑁⃗pred and a reference normal 𝑁⃗ref us-
ing a hinge-based angular loss:

cos(∆𝜃) =
𝑁⃗pred · 𝑁⃗ref

‖𝑁⃗pred‖ ‖𝑁⃗ref‖
, (14)

ℒnorm = [ 1− cos(∆𝜃) ] + ReLU
(︀
cos(𝜃thres)−

cos(∆𝜃)
)︀2
. (15)

This formulation encourages physically plausible nor-
mals, imposing larger penalties when angular deviations
exceed the threshold 𝜃thres.

Total loss. Including an additional edge-aware
smoothness term ℒsmooth [9, 10], our final objective is:

ℒtotal = ℒphoto + ℒhomo + 𝜆normℒnorm + 𝜆smoothℒsmooth,
(16)

where 𝜆norm, 𝜆smooth balance loss components.

4. Experiments
Evaluation overview. We evaluate on KITTI [8], the
standard monocular depth benchmark for vehicular ap-
plication, and RSRD [46], which contains varied height
perturbations. KITTI allows benchmarking against prior
work, while RSRD tests road-topography sensitivity and
enables evaluation on diverse terrain. All experiments
use an image resolution of 640× 192.

For KITTI [8], we use the Eigen split [6]: 39,180
monocular triplets for training, 4,424 images for val-
idation, and 697 for testing. Evaluation follows the
improved benchmark [29] with a GT camera height of
≈ 1.65m [15]. Depth is clipped at 80 m for both depth
and 𝛾 evaluations. On the other hand, given the texture-
less surface of RSRD, we rely on the provided ground-
truth poses. We train on 7,040 sparse triplets and evalu-
ate on the 600 images with dense ground truth.



(a) KITTI [8, 29]

Published in Method Train #Params Abs Rel ↓ Sq Rel ↓ RMSE ↓ RMSE log ↓ 𝛿1 ↑ 𝛿2 ↑ 𝛿3 ↑

D
ep

th

WACV 2025 MonoPP [7] M+camH 34.57M 0.089 0.545 3.864 0.134 0.913 0.983 0.995
RA-L 2022 VADepth [37] M+camH 18.8M 0.091 0.555 3.871 0.134 0.913 0.983 0.995
ECCV 2024 GroCo [5] M+camH 34.65M 0.089 0.517 3.815 0.134 0.910 0.984 0.995
arXiv 2025 UniDepthV2-L [19] F 353.22M 0.123 0.576 3.612 0.139 0.933 0.991 0.997
arXiv 2025 MoGe2-L [34] F 330.90M 0.180 0.732 4.122 0.217 0.633 0.969 0.994
ICLR 2025 DepthPro [4] F 951.99M 0.117 0.502 3.721 0.149 0.874 0.979 0.995
ICLR 2025 DepthPro [4] † F 951.99M 0.072 0.349 3.489 0.112 0.941 0.990 0.998
- GfM (ours) M+camH 8.88M 0.085 0.554 4.082 0.139 0.916 0.983 0.995

D
ep

th
≤

2
0 WACV 2025 MonoPP [7] M+camH 34.57M 0.067 0.121 1.109 0.093 0.957 0.994 0.999

ECCV 2024 GroCo [5] M+camH 34.65M 0.067 0.125 1.141 0.094 0.955 0.995 0.999
arXiv 2025 UniDepthV2-L [19] F 353.22M 0.105 0.188 1.383 0.114 0.966 0.996 0.999
ICLR 2025 DepthPro [4] F 951.99M 0.105 0.202 1.362 0.122 0.913 0.990 0.997
ICLR 2025 DepthPro [4] † F 951.99M 0.051 0.071 0.888 0.073 0.982 0.998 0.999
- GfM (ours) M+camH 8.88M 0.058 0.103 1.036 0.085 0.967 0.996 0.999

Published in Method Train #Params PP Abs Diff ↓ RMSE ↓ RMSE log ↓ 𝛿1 ↑ 𝛿2 ↑ 𝛿3 ↑

G
am

m
a ECCV 2024 GroCo [5] M+camH 34.65M ✓ 0.012 0.018 0.840 0.66 0.768 0.822

ICLR 2025 DepthPro [4] F 951.99M ✓ 0.014 0.020 0.885 0.655 0.748 0.797
ICLR 2025 DepthPro [4] † F 951.99M ✓ 0.011 0.016 0.718 0.726 0.811 0.854
- GfM (ours) M+camH 8.88M - 0.012 0.018 0.801 0.706 0.780 0.820

(b) RSRD [46]

Published in Method Train #Params Abs Rel ↓ Sq Rel ↓ RMSE ↓ RMSE log ↓ 𝛿1 ↑ 𝛿2 ↑ 𝛿3 ↑

D
ep

th

- Monodepth2 [10] ‡ M+Pose 14.3M 0.059 0.032 0.393 0.076 0.987 0.996 0.999
ICLR 2025 DepthPro [4] F 951.99M 0.344 0.763 1.807 0.484 0.294 0.588 0.781
ICLR 2025 DepthPro [4] † F 951.99M 0.065 0.064 0.600 0.086 0.971 0.996 0.999
arXiv 2025 UniDepthV2-L [19] F 353.22M 0.627 2.339 3.417 0.478 0.112 0.380 0.880
arXiv 2025 UniDepthV2-L [19] † F 353.22M 0.043 0.027 0.417 0.058 0.994 0.999 1.000
arXiv 2025 MoGe2-L [34] F 330.90M 0.576 1.666 2.664 0.445 0.078 0.550 0.910
arXiv 2025 MoGe2-L [34] † F 330.90M 0.037 0.021 0.377 0.053 0.993 0.999 1.000
- GfM (ours) M+Pose 8.88M 0.034 0.028 0.372 0.055 0.990 0.996 0.999

Published in Method Train #Params PP Abs Diff ↓ RMSE ↓ RMSE log ↓ 𝛿1 ↑ 𝛿2 ↑ 𝛿3 ↑

G
am

m
a

- Monodepth2 [10] ‡ M+Pose 14.3M ✓ 0.015 0.023 1.124 0.459 0.463 0.471
ICLR 2025 DepthPro [4] F 951.99M ✓ 0.211 0.226 2.807 0.057 0.064 0.077
ICLR 2025 DepthPro [4] † F 951.99M ✓ 0.016 0.024 1.234 0.500 0.521 0.558
arXiv 2025 UniDepthV2-L [19] F 353.22M ✓ 0.120 0.132 2.191 0.045 0.101 0.168
arXiv 2025 UniDepth [19] † F 353.22M ✓ 0.037 0.044 0.260 0.516 0.921 0.991
arXiv 2025 MoGe2-L [34] F 330.90M ✓ 0.142 0.155 2.216 0.018 0.034 0.056
arXiv 2025 MoGe2-L [34] † F 330.90M ✓ 0.027 0.032 0.243 0.629 0.902 0.977
- GfM (ours) M+Pose 8.88M - 0.009 0.015 1.142 0.587 0.591 0.605

Table 1. Quantitative evaluation on KITTI and RSRD datasets. The upper rows present depth metrics evaluated against their
respective ground-truth, while the lower rows present the height-to-depth ratio (𝛾) performance, computed using the improved
KITTI ground-truth [29] and dense point clouds for RSRD [46]. Abbreviations: M (monocular-only), PP (RANSAC plane-fitting
post-processing), camH (camera-height supervision), † (median-scaled by ground-truth. Thus, excluded from direct comparison
due to scale drift correction), V velocity regression, Pose full GT pose supervision, SI object size priors from internet data, F
foundational models trained on massive data, ‡ Monodepth2 baseline trained on RSRD with GT poses.

Implementation details. Our method is implemented
in PyTorch and trained on a single NVIDIA V100 GPU
with a batch size of 12. For KITTI, training con-
sists of two phases: (1) Pretraining as monocular depth
estimation for 10 epochs, jointly learning depth and
metric-scaled pose from PoseNet. (2) Switching to 𝛾-
prediction, training for 25 additional epochs on KITTI
(35 epochs total).

For RSRD, we use ground-truth poses rather than

jointly optimizing pose and structure, as learning both
simultaneously on textureless data is unreliable. Con-
sequently, we omit the homography loss (ℒhomo) for
RSRD, since its primary function is enforcing metric
scale in jointly learned depth and pose.

The network outputs a sigmoid map that is con-
verted to 𝛾 via the signed log-space transform in Eq. (1)
with 𝛼 = 0.5. We set the 𝛾 range to [−0.1, 5.0 ]
for KITTI and [−0.5, 2.0 ] for RSRD. For the normal-
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Figure 5. Qualitative comparison on KITTI and RSRD. Left: (a) KITTI [8] input and (b) RSRD [46] input. Right: (a) KITTI
example comparing GfM, GroCo [5], and DepthPro [4] on 𝛾, 𝛾 error (Abs Diff), depth, and depth error (Abs Rel). (b) RSRD
example comparing GfM, Monodepth2 [10], and DepthPro on 𝛾 prediction, 𝛾 error map (Abs Diff), and height predictions clipped
to [−0.5, 0.5]. Colormaps for each metric are shown in the last column.

consistency loss we use an angular threshold 𝜃thres = 5∘

and reference normals 𝑁⃗ref = [0,−1, 0] for KITTI and
[0,−0.95,−0.29] for RSRD. We optimize with AdamW
(weight decay 10−2) and a cosine learning-rate schedule
initialized at 5× 10−4; loss weights are 𝜆norm = 0.1 and
𝜆smooth = 10−2. During training, we follow the data-
augmentation and auto-masking strategies of [7, 10].

Baselines. We focus on metric-scaled self-supervised
methods as well as several foundation models, with
DepthPro [4] highlighted in the main tables as a repre-
sentative foundation model due to its high sensitivity to
fine geometric variations. For KITTI, comparisons in-
clude methods such as GroCo [5], using publicly avail-
able pretrained weights. Since no prior self-supervised
method was trained on RSRD and training code for re-
cent models is unavailable, we construct a baseline by
training Monodepth2 [10] with known poses and identi-
cal inputs to GfM. For each depth map (prediction and
GT), 𝛾 is computed from depth by fitting the ground
plane with RANSAC (10,000 iterations, 0.01m inlier
threshold). More details and further evaluations are in
the supplementary material.

Evaluation metrics. For depth estimation, we use
standard metrics: Abs Rel, Sq Rel, RMSE, RMSE log,
and 𝛿-accuracies (𝛿1, 𝛿2, 𝛿3), following prior work [7,
10, 36, 44]. For 𝛾 (signed height-to-depth), standard rel-
ative metrics can become unstable near or below zero.
As a result, we define:

• Abs Diff : mean absolute difference
⃒⃒
𝛾pred − 𝛾gt

⃒⃒
,

• RMSE & RMSE log: computed with a small offset to
handle sign changes,

• Modified 𝛿-accuracies: pixels are correct if
⃒⃒
𝛾pred −

𝛾gt
⃒⃒
< 0.01 or satisfy the ratio-based condition [10].

These adjustments ensure a robust evaluation for the
signed 𝛾 predictions.

Results. As summarized in Tab. 1a, GfM delivers
competitive performance in general depth estimation on
KITTI while using significantly fewer parameters and
less supervision, and achieves state-of-the-art results in
near-range depth and 𝛾 metrics. Qualitative examples
in Fig. 5 further illustrate these strengths: in exam-
ple (a), our method outperforms prior work GroCo [5]
in challenging dynamic-object scenarios, though far-
away dynamic objects remain difficult, as presented in



Table 2. Ablation study on KITTI benchmark (capped at 80 m). Lower is better except 𝛿 ↑. Bold indicates best in column.

Gamma Depth
Variant Abs Diff ↓ RMSE ↓ RMSE log ↓ 𝛿1 ↑ 𝛿3 ↑ Abs Rel ↓ RMSE ↓ RMSE log ↓ 𝛿1 ↑ 𝛿3 ↑

GfM (full) 0.012 0.018 0.801 0.706 0.801 0.085 4.082 0.139 0.916 0.995
w/o predicted normal (fixed 𝑁⃗ ) 0.013 0.020 0.909 0.658 0.796 0.095 4.258 0.150 0.903 0.995
w/o log-space transform 0.016 0.024 1.119 0.558 0.695 0.095 4.302 0.144 0.907 0.994
w/o ImageNet pretraining 0.015 0.024 1.033 0.645 0.777 0.111 4.648 0.168 0.872 0.989
w/o probabilistic road mask 0.013 0.021 0.944 0.678 0.796 0.087 4.210 0.138 0.908 0.995

the supplementary material. On the new RSRD dataset
(Tab. 1b), GfM surpasses all evaluated methods in both
𝛾 and depth metrics, and produces more reliable 3D re-
constructions, as seen in Fig. 6, where foundation mod-
els often misinterpret road slopes without domain adap-
tation. Example (b) in Fig. 5 shows how our accurate
𝛾 prediction captures the fine details of road topogra-
phy with higher fidelity than both conventional depth-
based self-supervised models and large-scale foundation
models. Importantly, 𝛾 evaluation is invariant to camera
height assumptions: perturbing the height only rescales
recovered metric depth, leaving 𝛾 unchanged. This
makes 𝛾 a physically interpretable indicator of road-
relative geometry.

DepthPro

Input

GfM

Monodepth2 

Figure 6. Point Cloud Comparison. Computed 3D
point clouds from different models on a sample image from
RSRD [46]. DepthPro exhibits scale drift and slightly flattens
the road surface. Meanwhile, Monodepth2 [10], despite being
trained on the dataset, still struggles to capture road topog-
raphy accurately. Additional qualitative examples are in the
supplementary material.

Ablation study. Table 2 reports ablations on KITTI.
Although omitted from the table due to catastrophic met-
ric failures, some components have particularly strong
influence. Removing the normal constraint ℒnorm causes
𝑁⃗pred to collapse into degenerate or flipped orienta-
tions, degrading road-topography estimation and photo-
consistency; this results in a 𝛾 Abs Diff of 2.282, 𝛿𝛾1 =

0.00, depth Abs Rel of 0.937, and 𝛿depth
1 = 0.00. Remov-

ing the homography alignment loss ℒhomo eliminates the
dominant-plane scale cue, leaving 𝛾 largely unaffected
but severely degrading metric depth. Other components
contribute as follows (Tab. 2, rows 1–4).

1. Learned normal Predicting 𝑁⃗pred outperforms using

KITTI extrinsics directly, consistent with prior find-
ings that vehicle tilt varies in real driving due to sus-
pension and load [15].

2. Signed log-space mapping. Replacing the signed
log-space transformation (Sec. 3.2) with a linear
mapping, as in [7, 10, 36, 44], caused training to di-
verge, unless the learning rate was reduced by 10×,
even then, performance was worse.

3. ImageNet pretraining. Pretraining yields consistent
gains for both 𝛾 and depth, matching trends in self-
supervised depth [10, 44].

4. Probabilistic road mask ℳroad. Replacing our
probabilistic mask with a binary mask, as in [7,
38], reduces performance; the probabilistic near-field
weighting is more robust.

5. Conclusion
In this work, we tackled a core limitation of monocular
depth estimation: its inability to deliver explicit scene
geometry for real-world vehicular tasks due to scale
ambiguity, extrinsic calibration sensitivity, and limited
structural understanding. We introduced a lightweight
model that predicts the 𝛾 representation and a global
road-plane normal, which unifies depth and height and
reduces reliance on extrinsic calibration. In addition, it
is trained self-supervised on monocular driving video.
Given known camera height, GfM turns a single image
into metric, detailed near-field geometry that exposes
subtle road irregularities for safer planning.

Limitations. Metric scale depends on camera-height
accuracy, as miscalibration introduces a global scale fac-
tor while preserving relative geometry. As with other
self-supervised methods, performance can degrade on
dynamic objects, especially distant objects.

Future work. We will extend the framework toward
a foundation model for vehicular perception by self-
supervising 𝛾 on large-scale monocular driving videos,
recovering metric scale at test time via the known cam-
era height. In addition, we will explore using 𝛾 directly
for on-road control and planning where full 3D recon-
struction is unnecessary.
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