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Abstract

Monocular metric depth estimation (MMDE) is a core chal-
lenge in computer vision, playing a pivotal role in real-
world applications that demand accurate spatial under-
standing. Although prior works have shown promising zero-
shot performance in MMDE, they often struggle with gen-
eralization across diverse camera types, such as fisheye
and 360° cameras. Recent advances have addressed this
through unified camera representations or canonical rep-
resentation spaces, but they require either including large-
FoV camera data during training or separately trained
models for different domains. We propose UniDAC, an
MMDE framework that presents universal robustness in all
domains and generalizes across diverse cameras using a
single model. We achieve this by decoupling metric depth
estimation into relative depth prediction and spatially vary-
ing scale estimation, enabling robust performance across
different domains. We propose a lightweight Depth-Guided
Scale Estimation module that upsamples a coarse scale map
to high resolution using the relative depth map as guid-
ance to account for local scale variations. Furthermore,
we introduce RoPE-¢, a distortion-aware positional embed-
ding that respects the spatial warping in Equi-Rectangular
Projections (ERP) via latitude-aware weighting. UniDAC
achieves state of the art (SoTA) in cross-camera generaliza-
tion by consistently outperforming prior methods across all
datasets.

1. Introduction

Depth estimation plays a pivotal role in bridging the gap be-
tween 2D and 3D vision, enabling a wide range of applica-
tions such as autonomous vehicles [37, 58], robotics [0, 49],
and AR/VR [8, 50].

With the advent of deep learning, early works [3, 10, 29,
39, 66] achieve promising results. However, they fail to
generalize across diverse scenes due to scale-depth ambi-
guity. Recent methods [26, 44, 61, 62, 64] address this lim-
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Figure 1. We propose UniDAC, a universal, domain-agnostic met-
ric depth estimation framework that generalizes to any camera.
Unlike prior methods that either rely on large-FoV data during
training or require separate models for indoor and outdoor do-
mains, UniDAC is trained solely on perspective images yet gener-
alizes effectively to large-FoV inputs, leveraging a universal model
to robustly handle both indoor and outdoor environments.

itation by predicting depth up to an unknown scale in addi-
tion to leveraging large-scale data [44, 61, 62] and diffusion
priors [12, 26, 27]. However, despite their success, these
up-to-scale methods encounter limitations in real-world ap-
plications where precise spatial measurements are essential,
necessitating the inherently challenging and ill-constrained
task of monocular metric depth estimation.

Recent works [18, 23, 40, 42, 57, 65] have demonstrated
zero-shot performance in MMDE by conditioning upon
camera parameters [40, 42], adopting a canonical space
[23, 65] or explicitly estimating the scale [57], thereby over-
coming the scale-depth ambiguity. However, despite their
remarkable performance, these methods have been devel-
oped with images from perspective cameras and thereby
struggle with large FoV images captured from fisheye or
360° cameras.
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Figure 2. We show the Abs.Rel error between the predicted relative depth and the ground truth by performing (a) no scaling, (b) median
scaling, and (c) depth guided scaling. Theoretically, the relative and metric depth are aligned with a single scale s. Practically, (b) we
observe that the irregularities in the relative depth cannot be compensated with a single scalar s. Thus, to tackle this, (c) we propose a
Depth-Guided Scale Estimation module that predicts a high-resolution scale map S respecting local variations.

Recently, [19, 41] demonstrate remarkable MMDE per-
formance on diverse cameras. UniK3D [41] introduces a
unified angular representation based on spherical harmonics
to represent diverse camera models and subsequently con-
dition the metric depth prediction. While UniK3D achieves
strong cross-dataset generalization with a single model cov-
ering both indoor and outdoor domains, it relies on training
with a diverse set of camera models, including large-FoV
data that closely resemble the test distribution. In contrast,
DAC [19] achieves strong cross-camera generalization from
perspective-only training by adopting an Equi-Rectangular
Projection (ERP) as a canonical representation space, along
with FoV-aligned and multi-resolution training strategies.
However, DAC requires separate models for indoor and out-
door domains, and its performance degrades when using a
single unified model across both domains—partly due to its
smaller-scale training compared to UniK3D.

In this work, we ask: Can we design a monocular metric
depth estimation (MMDE) framework that generalizes ef-
fectively across all camera types and scene domains, with-
out substantially increasing model or dataset scale? We
propose UniDAC, a unified MMDE framework that gener-
alizes across both diverse camera geometries and visual do-
mains within a single model, as illustrated in Fig. 1. Our key
insight is to achieve scene—camera unification by decom-
posing metric depth estimation into relative depth predic-
tion and scale estimation - two components that inherently
rely on different contextual scopes and benefit differently
from pre-trained foundation model backbones. To this end,
we partition encoder features into early and late-stage repre-
sentations: the former captures local structural details well-
suited for relative depth, while the latter encodes global,
scene-level context crucial for estimating scale.

Although metric and relative depth are theoretically con-
nected by a single global scalar (scene scale), in practice,
relative depth often exhibits spatially non-uniform scaling
across the scene, as illustrated in Fig. 2. To handle this, we
introduce a Depth-Guided Scale Estimation (DGSE) mod-
ule that first predicts a coarse, low-resolution scale map
from global encoder features. We then upsample this map

using the predicted relative depth as a non-parametric guid-
ance signal, ensuring that spatially coherent regions share
consistent scale values—while adding negligible computa-
tional overhead.

To better harness the potential of modern transformer
architectures for large FoV images, we propose RoPE-¢,
a distortion-aware rotary positional embedding specifically
designed for the Equi-Rectangular Projection (ERP) do-
main. By incorporating latitude-aware weighting, RoPE-¢
ensures that positional distances more faithfully correspond
to geodesic proximity on the sphere. Comprehensive exper-
iments demonstrate that UniDAC achieves robust general-
ization across both scenes and cameras, substantially out-
performing prior SoTA approaches.

We summarize our contributions as follows:

v We propose UniDAC, a unified framework for monocu-
lar metric depth estimation that generalizes across diverse
camera models and scene types using a single model.

v/ We design a Depth-Guided Scale Estimation module that
generates a spatially adaptive scale map with minimal
computational overhead.

v/ We introduce RoPE-¢, a distortion-aware RoPE, that re-
spects the ERP geometry via latitude-based weighting.

v Extensive experiments show that UniDAC achieves state-
of-the-art cross-camera generalization in MMDE.

2. Related Works

2.1. Perspective Monocular Depth Estimation

Monocular depth estimation can be broadly categorized into
affine-invariant, up-to-scale depth estimation, and absolute,
metric depth estimation.

Prior works [26, 44, 61, 62, 64] achieve notable general-
ization performance by leveraging large-scale labeled data
[44, 64], extensive unlabeled data [61, 62], or strong gener-
ative priors [26] of pre-trained diffusion models [48]. How-
ever, despite their success, these methods encounter limita-
tions in real-world applications where accurate metric depth
is essential.

Recent works [18, 23, 40, 42, 65] exhibit robustness
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in the zero-shot monocular metric depth estimation. [18,
23, 65] implicitly infer the scale of the scene by in-
stilling the ground-truth camera parameters [18] or map-
ping the camera parameters to a canonical space [23, 65].
UniDepth [40, 42] implicitly predicts the scale in the form
of camera parameters and applies them as a condition for
the metric depth estimation, achieving incredible zero-shot
metric depth performance without the need for intrinsic pa-
rameters during inference. Despite these advances, none of
these methods achieves satisfactory zero-shot performance
on large FoV images.

2.2. Large FoV Monocular Depth Estimation

Fisheye and 360° capture rich contextual information due
to large FoV and can thereby benefit the task of depth esti-
mation [1, 24, 30, 51, 67]. Due to the scarcity of large-FoV
depth data, initial works [11, 24, 30, 46, 51, 55, 60, 67, 70]
are constrained to in-domain setting. These works handle
distortions by adjusting the convolutional kernels through
deformable CNNs [55, 60, 70], partitioning ERP into seg-
ments [24, 46], and employing transformers to model the
distortions [11, 30, 51, 67]. Although these methods
achieve remarkable in-domain performance, they struggle
to generalize across diverse cameras.

2.3. Cross-Camera Generalizable MMDE

A key challenge in building a foundational model for di-
verse cameras is the lack of large-scale, large-FoV datasets.
UniK3D [41] combines perspective and large-FoV datasets
using a spherical harmonics-based angular representation to
share information across camera types. However, its per-
formance is limited by training-time camera diversity and
lacks cross-camera generalization. Recent methods [13, 19]
achieve strong cross-camera generalization using only per-
spective images. [13] extends UniDepth [40] to fisheye
images via steering tokens but is restricted to perspective
and fisheye inputs. DAC [19] introduces a canonical Equi-
Rectangular Projection (ERP) space with pitch-aware aug-
mentation to simulate large-FoV images from perspective
data, achieving SOTA cross-camera results. However, it re-
quires separate models for indoor and outdoor domains. In
contrast, UniDAC achieves cross-camera and cross-domain
generalization with a single unified model.

3. Preliminaries

3.1. Metric Depth Decomposition

ERHXW

Given a metric depth map D™ , it can be decom-

posed into a relative depth map D™ € R¥*W and scale-
shift scalars {s,t} € R as follows:
D™ = sD™ + ¢. (1)

The relative depth map D™ contains local information,
such as object shapes and boundaries, whereas the scale-
shift scalars are global factors that depend on the scene as
a whole, such as indoor or outdoor. Therefore, the metric
depth D™ can be split into local and global components and
are represented using D™ and {s, t} respectively.

3.2. RoPE

Rotary Positional Embedding (RoPE) was first introduced
by [54] in the language domain. RoPE embeds relative po-
sitional information among transformer tokens as position-
dependent rotations. Specifically, given the n-th token
qn € R1*4 RoPE rotates them using Euler’s formula e to
get g/, = q,e"?, before applying the attention operations.
RoPE practically implements the rotations by first convert-
ing the tokens q,, to the complex domain, q,, € C**%/2, in
addition to using multiple frequencies 1y across the channel
dimensions. The rotations for IV tokens are then compactly
represented in a rotation matrix R € CV*4 defined as:

R(n,t) = e™¥r, )

[21] later proposes 2D-RoPE, designed to be compatible
with vision transformers. Given an image I € RHXWX3,
[21] replaces the 1D indexing n to 2D pixel indices p,, =
{tn,vn} € R{0:---H}>{0,..W} " Thyg, the rotation matrix
in Eq. (2) is modified to:

R(n,2k) = " ;R(n, 2k + 1) = ™%, (3)
where, the frequencies 1y are calculated as:
Y = {1007%*/4 . k€ {0,...,d/4}}. (4)

4. UniDAC

We propose UniDAC, a unified framework for monocular
metric depth estimation with cross-camera generalization.
We posit that one of the main issues with developing a uni-
fied model is the variation in depth ranges across different
domains. For example, the maximum depth is typically
around 10 meters for indoor scenes, whereas it’s 80 me-
ters for outdoor scenes. Thus, to prevent the model from
getting confused trying to predict varied ranges, we decou-
ple the metric depth prediction into domain-agnostic and
domain-specific components, i.e., relative depth map and
scene scale, respectively. As mentioned in Sec. 3.1, the rel-
ative depth map depends only on local pixel variations in
the image; thus, we utilize features rich in local informa-
tion to estimate relative depth as described in Sec. 4.1. On
the other hand, the scale and shift parameters depend on
the scene as a whole, and we estimate it using the global
information-rich features as detailed in Sec. 4.2. To account
for the irregularities in the predicted relative depth, we esti-
mate a high-resolution scale map as opposed to a 1-D scale
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Figure 3. Overview of proposed method. UniDAC decouples metric depth estimation into relative depth and scale estimation. Relative
depth relies on local scene information, while scene scale is domain-specific and depends on global scene information. Therefore, given
an ERP image I, we split the features from the encoder into local F; and the global features F,. We predict the relative depth D™ using
the local features F;. We predict a scale map S from the global features F, to account for the irregularities in D™. We first predict a
low-resolution scale map S, and obtain the high-resolution S through our proposed Depth-Guided Scale (DGS) estimation module. The
DGS upsamples S, by using the D™ as a guide to ensure the upsampling process respects object boundaries. The final metric depth D™
is calculated using D™ and S as shown in Eq. (8). We introduce distortion-aware positional embedding, termed RoPE-¢, that applies a
weight w(¢) to the RoPE rotations based on the latitude ¢. We train using two losses Ly and Ly, applied on D™ and D™, respectively.

through our proposed Depth-Guided Scale Estimation mod-
ule (Sec. 4.2). Specifically, we achieve higher efficiency by
first predicting a low-resolution scalar map (Sec. 4.2.1) and
followed by a depth-guided upsampling (Sec. 4.2.2). An
overview of our pipeline is shown in Fig. 3.

4.1. Relative Depth Estimation

Given an input image I € R7*W>3 e derive set of fea-

tures F = {F;,F,} € R"%XC from encoder &, where
F;, F, are the local and global features respectively. F; and
F, are split as the outputs from the early and final layers
of &, respectively. We then estimate the relative depth map
Drel ¢ REXWX1 from local features F; via a decoder D.
The predicted relative depth map can have an arbitrary
scale, which can affect the later scale estimation step. We

normalize D™ by median scaling to get D™

DArel

D™ = =, §=Median(D®). )

4.2. Depth-Guided Scale Estimation

The predicted relative depth map D™ requires global
scalars, i.e., scale s and shift ¢, to be converted to met-
ric depth. The global scalars are low-dimensional terms
dependent on the scene as a whole and are not affected
much by local variations in the scene. Therefore, we uti-
lize the global features F; from Sec. 4.1 to estimate s and
t. Theoretically, the metric and relative depth are related

to each other by a couple of 1-D scalars {s, ¢} as shown in
Eq. (1). However, in practice, the relative depth predicted
by a network may be slightly stretched or compressed in
different regions due to local errors or occlusions. Thus,
to adjust for the irregularities in D™, we predict a scalar
map S € RE*W A naive solution is to predict S through
a series of transpose convolutions, but this would incur an
additional computational cost. Moreover, predicting a high-
dimensional output S is challenging and may lead to poor
estimates. Thus, we propose a low-resolution scale predic-
tion followed by a lightweight non-parametric depth-guided
upsampling to estimate S. We predict ¢ from the CLS token
of the F', by passing it through a shallow MLP.

4.2.1. Patch-level Scale Estimation

The global features are low-resolution features correspond-
ing to non-overlapping patches on the image I. Since we
want similar features to have similar scales, we employ a
self-attention on F, followed by a shallow-MLP to esti-
mate a low-resolution scale map S, € R"*™. Thus, we
get S, = MLP(SelfAttn(Fy)).

S, is a low-resolution spatial map that must be upsam-
pled to obtain S, while maintaining low computational over-
head; hence, we adopt a non-parametric approach. Nearest-
neighbor upsampling provides a simple solution, but it does
not respect boundaries while upsampling. To ensure non-
parametric upsampling while respecting inter-object bound-
aries, we utilize the predicted relative depth D™
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Figure 4. Depth-Guided Upsampling. We leverage the pre-
dicted relative depth D™ as a guide to upsample the predicted
low-resolution scale map S, € R7*7 to get S € REXW  we
compare D™ and its downsampled version D,. to get the local in-
formation in the form of weights W € R¥*W X9 We compare
the spatial mapping between S and S, and combine it with W to
obtain S. The Depth-Guided Upsampling is non-parametric and
thus does not add computational overhead.

4.2.2. Depth-Guided Upsampling

The relative depth map D™ already has local boundary in-
formation, which we leverage as a guide to upsample S,..
We first obtain a low-resolution relative depth map D™ by
applying median pooling on D™ with a kernel size and a
stride of 7. Thus, every pixel p = [u,v] in D™ would
be mapped to pixel p, in D! such that p, = [[ %], [2]].

Then, with a neighborhood Q = {—1,0,1}? we obtain a
distance matrix A € R7*Wx9 defined as follows:

Alp] = {|D*![p] - Df'[p, + dp]| : ¥ p € Q. (6)

We apply softmax for every pixel over the negative dis-
tance values in A to get a per-pixel weight map such that
W[p] = softmax(—Alp]) € RIEXWX9 A and W
contain the pseudo mapping from low-resolution data (D,.)
to high-resolution data (D). We use this information as
the routing signal to get the high-resolution scale data S
from low-resolution scale data S,.. Finally, the scalar map
S is calculated as the weighted summation over the low-
resolution scales as follows:

S[p] = WIp,:|TN (S, p,), (7)

where, N'(S,,p,) = {Sy[pr + dp] : V dp € Q} is the
neighborhood extractor.

01 0 -
P11 P12
®1 $
2 P21 P22
(a) (b)

Figure 5. Motivation for RoPE-¢. We show the difference
between (a) the pixel distance in ERP and (b) the correspond-
ing geodesic distance on the curvature of the sphere. Although
|p11 — p12| = |p21 — p22| in the ERP, we see that g(pu, p12) <
G(p21, p22) on the sphere. Geodesic distance respects the actual
separation in the 3D space. Thus, we modify 2D-RoPE to reflect
the geodesic distance to get ROPE-¢.

The final metric depth D™ is then estimated using the
Hadamard product ® as follows:

D" =SoD™ +¢ (8)

4.3. RoPE-¢

We take a step back and observe the encoder £. £ employs
2D-RoPE as the positional embedding scheme as defined
in Sec. 3.2. The 2D-RoPE design ensures the relative posi-
tional embedding is dependent solely on the pixel locations
p = [u,v]. While this is desired for tasks involving per-
spective images, it is not suitable for ERP representation,
which encodes spherical data. ERP is a 2D representation
of the surface of the sphere. The pixel distance in ERP is
the warped distance between points on the curvature of a
sphere, referred to as the geodesic distance. We propose
RoPE-¢, an enhanced 2D-RoPE that respects the geodesic
distance while applying the rotations in 2D-RoPE.

Every pixel in an ERP denotes a direction in the 3D
space. Specifically, given an ERP image I € RTXWx3 4
pixel p, = {un,v,} denotes direction {0,, = &, $, =
7 }» where 0,,, ¢, are the longitude and latitude respec-
tively. Given two pixels {p1,p2} = {{01,d1}, {02, 02}}
inI, and AO = |6, — 63]; Ap = |p1 — @2/, their geodesic
distance on unit-sphere G(p1, p2) is defined as:

G(p1,p2) = arccos(sin ¢1sin ¢o+cos ¢1cos pa Af). (9)

We observe from Eq. (9) that when Af = 0, i.e., when
the pixels are along the same longitude, G o< A¢, aligning
with 2D-RoPE design. However, when A¢ = 0, i.e., when
the pixels are along the same latitude, we can approximate
that G o< cos pAf. In other words, given a pair of pixels
on the same latitude ¢ and fixed longitudinal distance A6,
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the geodesic distance reduces as we move towards the pole,
even though the pixel distance in ERP remains the same, as
shown in Fig. 5. With this observation, we add a latitude-
based cosine weighting to the 2D-RoPE and modify the ro-
tation matrix R in Eq. (3) to get R, as follows:

Ry[n] = R[n]““) ; w(g) =6+ (1 —8)cosg, (10)

where 0 controls the attenuation of weight towards the poles
such that w(¢) € [4,1].

4.4. Optimization

We train UniDAC by optimizing relative depth loss L, and
metric depth loss £, on the predicted relative depth map
D™ and metric depth map D™, respectively. The losses
Lyel, L are both Sli,, loss widely in MMDE. Given pre-
dicted depth map D and corresponding ground-truth depth
map D, we estimate the logarithmic error ¢, = InD[p] —
In Dp]. The S, is then computed as follows:

Loy = %Z(epﬁ - % (Z(ep>> . an

p P

Using expectation E and variance V, we rearrange Eq. (11)
to get the following:

Lsngy = \/Vleol + (L= NEZe). (1)

We can observe from Eq. (12) that by setting A = 1 we
get a purely scale-invariant loss. The standard Sl;,, used
in MMDE sets the A = 0.85 allowing a mixture of scale-
invariant and scale-variant components. We utilize this ob-
servation to define the losses L, and L, as follows:

Lot = L3}, 3 Lo = L3705 (13)
5. Experiments
5.1. Setup

Training Datasets. Our training set comprises three indoor
and four outdoor datasets captured from perspective cam-
eras. The indoor datasets consist of HM3D [43], Hyper-
sim [47], and Taskonomy [68], while the outdoor datasets
consists of DDAD [17], LYFT [22], Argoverse2 [59], and
A2D2 [16]. We use the tiny version of HM3D and Taskon-
omy provided by OmniData [9] to streamline training. We
exclude images of rear-center camera in A2D2 and front-
camera in Argoverse2 as explained in Sec. 7.1. Altogether,
the training set comprises 1.1M perspective images; 670K
from indoor datasets and 780K from outdoor datasets.

Testing Datasets. We evaluate the cross-camera general-
ization of UniDAC on two fisheye datasets, namely, Scan-
Net++ [63] and KITTI-360 [31], and two 360° datasets,
namely, Pano3D-GV2 [2] and Matterport3D [5].

Baselines. We compare UniDAC to the following works:

e UniK3D [41]: A SoTA method in zero-shot MMDE that
does not require any camera parameters in inference.

* DAC [19]: A SoTA method for cross-camera generaliza-
tion that is trained only on perspective images. DAC;,
DACp denote models trained on indoor and outdoor
datasets, respectively. DACy denotes a model trained
from scratch on combined indoor and outdoor datasets.
Since it was not released by [19], we train it using the
same setup as our method for a fair comparison.

We additionally include UniDepth [40] and Met-

ric3Dv2 [23] evaluated in DAC [19] for comparison.

Evaluation Metrics. We employ standard metrics in
MMDE, i.e., percentage of inliers (; 1) with a threshold
of 1.25%, absolute mean relative error (A.Rel |), and root
mean squared error (RMSE |).

Implementation. We implement UniDAC in PyTorch [38]
and CUDA [36]. We initialize ViT-L [7] backbone with
DINO [53] pre-trained weights as our encoder and use
DPT [45] as our decoder. We utilize the AdamW optimizer
initialized with hyperparameters 5, = 0.9, 82 = 0.999,
and an initial learning rate of 0.0001. Cosine Annealing,
proposed by [33], is employed as the learning rate sched-
uler with the final learning rate set to one-tenth of the initial
learning rate. We train the model for 120k iterations with a
batch size of 128. We follow the training setup of [19] and
apply FoV-alignment, multi-resolution sampling, and ERP
augmentations. All ablations are performed by training on
HM3D and KITTI-360 datasets using the ViT-B backbone.

5.2. Comparison with SoTA

Tab. 1 compares UniDAC with [19, 23, 40, 41] in univer-
sal domain robustness on large FoV datasets. We observe
that UniDAC outperforms all the prior methods trained with
perspective images on both indoor and outdoor datasets and
sets the SoTA in cross-camera generalization. UniK3D’s
[41] training set contains images from large FoV cam-
eras, and thus does not constitute a fair comparison to the
other methods trained only on perspective images. How-
ever, UniDAC still outperforms UniK3D [41], demonstrat-
ing the strong generalization prowess of UniDAC. We omit
the evaluation on Matterport3D [5] from Tab. | since it is
present in the training set of [41] and would be an unfair
comparison to other methods.

We observe from Tab. | that UniDAC achieves ~26%
improvement in ¢; metric in the ScanNet++ dataset com-
pared to both UniK3D and DACy. While we improve the
Pano3D-GV2 by ~8.4% over DACy, we achieve similar
performance as that of UniK3D. As mentioned previously,
UniK3D contains Matterport3D, a 360° dataset similar to
Pano3D-GV?2, and we still come close to UniK3D on the
Pano3D-GV?2 dataset, demonstrating the robustness of our
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Table 1. Zero-shot evaluation of universal domain robustness. We evaluate all unified methods on a zero-shot setting across both indoor
and outdoor domains. All models are trained on a mix of indoor and outdoor datasets. UniK3D is trained on large FoV images, while the
rest of the methods are only trained on perspective images. [Key: Best, Second Best, S: Swin-L [32], V: VIiT-L [7]]

Methods Dataset ScanNet++ Pano3D-GV2 KITTI-360

Size | 617 ARel| RMSE|| 6,7 ARel| RMSE|| 6,7 ARel] RMSE]
UniK3D [41]-V | 7.94M | 0.651  0.253  0.285 | 0.785 0.170  0.400 | 0.817 0.244  2.400
Metric3Dv2 [23]-V | 16.20M | 0.536  0.223  0.895 | 0.404 0.307  0.855 | 0.716  0.200  4.580
UniDepth [40]-V | 3.83M | 0.364 0497 1166 | 0.247 0.789  0.127 | 0481  0.294  6.564
DACy [19]- S 0.79M | 0.658 0.233  0.464 | 0.684 0203 0507 | 0.708 0.8  5.079
UniDAC- V 1.45M | 0.918 0.097 0.277 | 0.768 0.161  0.394 | 0.836 0.141  3.977

Table 2. Zero-shot evaluation of cross-camera generalization. We evaluate all methods on a zero-shot setting across diverse cameras.
*1, *o indicate models trained only on the indoor and outdoor datasets, respectively. [Key: Best, Second Best, R: ResNet101 [20], S:

Swin-L [32], V: ViT-L [7]]

Methods ScanNet++ Pano3D-GV2 Matterport3D KITTI-360

6117 ARel] RMSE|| 6,1 ARell RMSE|l| &1 ARel] RMSE|l| 61 ARel] RMSE/|
DAC; [19]-R | 0.852 0.132 0.309 0.812 0.139 0.478 0.773  0.156 0.619 0.082  0.464 10.046
DAC; [19]-S 0.854  0.128 0.287 0.729 0.184 0.483 0.723  0.179 0.591 0.245  0.365 9.508
DACo [19]-R | 0.256 0.901 2.312 0.340  0.616 1.713 0.390  0.548 1.630 0.786  0.156 4.361
DACo [19]-S | 0.109 1.412 3.539 0.323 0.870 2.056 0.330  0.924 2.164 0.822  0.149 3.751
DACy [19]-S | 0.658 0.233 0.464 0.684  0.203 0.507 0.662 0.215 0.662 0.708  0.186 5.079
UniDAC- V 0.918 0.097 0.277 0.768 0.161 0.394 0.745 0.175 0.442 0.836 0.141 3.977

method. We outperform prior methods on KITTI-360, in-
cluding UniK3D by ~2%, even though [4 1] contains aiMo-
tive [34], an outdoor fisheye dataset in its training set.

5.2.1. Comparison with DAC

Tab. 2 compares UniDAC against unified and domain spe-
cific DAC models across all testing datasets. As expected,
DAC; [19] and DACyq [19] performance drops catastroph-
ically when evaluated using outdoor and indoor datasets,
respectively. Although DACy [19] is trained on both indoor
and outdoor data, it fails to generalize well since it tries
to learn a single global scale for both domains. UniDAC
outperforms DACy, consistently and significantly across in-
door and outdoor domains, underscoring the effect of de-
coupling metric depth into relative and scale estimation.

In addition to outperforming DACy, Tab. 2 shows that
UniDAC outperforms DAC; on ScanNet++. Although
UniDAC beats DAC; with the Swin backbone on Pano3D-
GV2 and Matterport3D, we fall short of beating DAC; with
the ResNet backbone. We believe this is because transform-
ers struggle with scale equivariance as noted in [19]. While
comparing between transformer backbones, i.e., Swin and
ViT, we outperform DAC; on Pano3D-GV2 and Matter-
port3D with ~4% and ~2.2% respectively.

5.3. Ablation Studies

Impact of Scale Map. We analyze the benefits of scale
map estimation by comparing with single-scale estimation

Table 3. Ablation on Scale Estimation. We study the impact of
depth-guided scale estimation by comparing it against single-scale
estimation. The model performances are compared in a zero-shot
setting. ‘-’ indicates we directly estimate metric depth without
decoupling relative depth and metric scale. [Key: Best]

Scale ScanNet++ KITTI-360

511 ARel] RMSE| | 617 ARell] RMSE]
- 0.782  0.152 0.401 | 0.563  0.286 5.461
sER 0.773  0.166 0.426 | 0.601  0.245 5.257
S eRYXW | 0,792 0.140 0.396 | 0.622 0.239  5.057

and direct metric-depth estimation without decoupling. For
direct metric-depth estimation, we remove the scale esti-
mation module and use the decoder’s output as the metric
depth. We keep the relative depth estimation architecture
the same, but replace the Depth-Guided Scale estimation
module with a single scalar estimation. We follow [57] and
utilize the [CLS] token from the global features F, of the
encoder. We estimate the scale as s = MLP(FQ [CLS]) €
R, where MLP is a shallow fully-connected network.

Tab. 3 shows that directly predicting metric depth per-
forms well on ScanNet++ but fails on KITTI-360. This
is due to strong indoor bias in the ablation data: HM3D
(310K) vs. DDAD (80K). Predicting a scale map S gives
2% performance gain over single-scale and thus validates
our approach.

Impact of RoPE-¢. We evaluate the impact of our pro-
posed distortion-aware positional embedding RoPE-¢ by
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Figure 6. Qualitative Results. Every pair of consecutive rows corresponds to a single sample. Odd rows display the input RGB image, and
A Rel error between predicted and GT depth maps. Even rows display the GT depth map and predicted depth maps. UniDAC reduces error
in the distorted region as seen around the table in ScanNet++ compared to DACy and on the walls in Pano3D-GV2 compared to UniK3D.

comparing it with 2D RoPE defined in Sec. 3.2. We can ob-
serve from Eq. (10) that simply setting § = 1 would give us
2D RoPE, thus indicating that 2D RoPE is a special case of
RoOPE-¢. We observe from Tab. 4 that ScanNet++ benefits
from RoPE-¢ more than KITTI-360. We believe that this
is because KITTI-360 contains valid depth along a narrow
band around close to the equator as opposed to ScanNet++,
which provides a dense-depth map spanning a large FoV.

Table 4. Ablation on RoPE. We evaluate the benefit of RoPE-¢,
comparing it against a model trained with 2D RoPE. The model
performances are compared in a zero-shot setting. [Key: Best]

Pos. Emb ScanNet++ KITTI-360

. 5117 ARell RMSE|| 61 ARell RMSE/
RoPE 0.750  0.177 0.452 0.592  0.254 5.313
ROPE-¢ 0.792 0.140 0.396 0.622 0.239 5.057

6. Conclusion

We presented UniDAC, a unified framework for monocular
metric depth estimation that universally generalizes across
diverse camera models and scene domains using a single
model. By decoupling metric depth into relative depth and
scale map, we enable robust estimation across indoor and
outdoor domains with a single model. Our proposed Depth-
Guided Scale Estimation effectively fuses global and local
information to produce scale-aware predictions with min-
imal overhead. Furthermore, we introduced RoPE-¢, a
distortion-aware positional encoding tailored for ERP im-
ages, enhancing the model’s performance on large FoV
images. Extensive experiments demonstrate that UniDAC
achieves state-of-the-art performance in cross-camera and
cross-domain generalization, establishing a strong founda-
tion for scalable and universal depth perception systems.
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