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Fig. 1: Multi-illumination depth estimation. Compared with recent depth foun-
dation models [20, 26] (middle), our method (right) preserves accurate, geometry-
consistent depth. (a) ReMID-Tabletop/ReMID-Indoor: Marigold [26] is distracted by
shadows, specular highlights, and exposure changes, yielding warped surfaces and miss-
ing �ne structures; the point clouds (#1-2) are similarly distorted, while ours (#3-4)
remain coherent across illumination variants. (b) NuScenes-Night [4]: under low light,
Lotus [20] produces spurious geometry and misses critical objects or road markings,
whereas our approach recovers robust, illumination-invariant depth.
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Abstract. Depth estimation in multi-illumination scenes with multi-
ple, spatially varying light sources remains a crucial yet less-explored
problem. Illumination changes introduce shadows, specular highlights,
and exposure shifts that distort local appearance cues, causing severe
depth inconsistency or even failure. Existing depth foundation models,
trained predominantly on uniformly lit data, degrade sharply under such
conditions. However, direct adaptation is challenging because ground
truth depth is typically limited for multi-illumination datasets, while
synthetic relighting often incurs geometric distortions. To address these
challenges, we propose LumiDepth, a framework that learns from multi-
illumination RGB images. First, a Disagreement-Calibrated Probabilistic
Pseudo Supervision (DCPS) module constructs high-quality pseudo la-
bels while preserving diversity. Second, a Frequency-aware Consistency
and Distillation (FaCD) module improves cross-illumination stability
without over-smoothing by enforcing low-frequency geometric consis-
tency and distilling high-frequency structural details bi-directionally. To
enable systematic evaluation, we introduce ReMID, a real-world multi-
illumination RGB-D benchmark, together with stability metrics that
quantify average and worst-case depth variation. Experiments across
diverse datasets demonstrate that LumiDepth achieves state-of-the-art
overall performance, markedly improving both consistency and accuracy
by reducing depth variation by 30.2% and absolute relative error by
24.8%. We further show our target-domain label-free design remains ef-
fective for depth under other appearance shifts such as weather and sen-
sor noise.⋆

Keywords: Monocular depth estimation · Multi-illumination scenes ·

Depth foundation model · Label-free training

1 Introduction

Monocular depth estimation (MDE) [10,11,14,18,31,74], the task of predicting a
dense depth map from a single RGB image, has made signi�cant strides with the
advent of depth foundation models [12,20,26,43,64] trained on large-scale RGB-
D datasets. While these models perform well in uniformly lit environments, we
observe that they often struggle in complex real-world scenarios involving mul-
tiple light sources. In such multi-illumination scenes [4, 27, 39, 41], lighting vari-
ations caused by shadows, specular re�ections, and exposure shifts alter object
appearances in ways that are inconsistent with their true geometry [46,51,69]. As
shown in Fig. 1, this limitation becomes particularly problematic in precision-
and safety-critical scenarios, such as robotic navigation and manipulation at
workspaces with mixed arti�cial lighting, or autonomous driving at nighttime
under shifting headlights and street lamps.

⋆ The ReMID dataset is available at https://drive.google.com/drive/folders/1-
3txE3KiFiscACxs1Xch8UO1Ax82VBNg?usp=sharing. Accessed 26 June 2026.

https://drive.google.com/drive/folders/1-3txE3KiFiscACxs1Xch8UO1Ax82VBNg?usp=sharing
https://drive.google.com/drive/folders/1-3txE3KiFiscACxs1Xch8UO1Ax82VBNg?usp=sharing
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Fig. 2: Relighting results of [60] compared to real-world capture [27]. While producing
plausible global illumination and overall appearance, it may introduce local texture
artifacts that can alter depth-related �ne geometric cues.

A natural solution might involve direct adaptation with large-scale datasets
that capture scenes under diverse lighting with ground truth depth [35] or syn-
thetically augmenting existing RGB-D datasets with relighting techniques. How-
ever, both approaches face limitations. On one hand, multi-illumination RGB-D
datasets are scarce due to the di�culty of capturing accurate depth under vary-
ing lighting setups. On the other hand, although some recent relighting mod-
els [2, 21, 28, 34, 60, 70, 71] have achieved progress in synthesizing photorealistic
images under diverse lighting conditions, they are primarily designed for vi-
sual appearance editing rather than geometry-aware applications, and thus lack
the physical accuracy and illumination-geometry consistency required for reli-
able depth estimation (Fig. 2). Unlike synthetic perturbations such as rain or
Gaussian noise applied in robust MDE methods [51, 56, 63, 67, 69], illumination
changes a�ect not only global tone but also local structural cues, making data
augmentation insu�cient for bridging this gap.

In this paper, we propose LumiDepth, a framework for illumination-invariant
monocular depth estimation that learns directly from multi-illumination RGB
observations, without requiring target GT depth or synthetic relighting. Given
a group of images depicting the same static scene under di�erent lighting, we
�rst build supervision from the model's own depth hypotheses. Speci�cally, our
Disagreement-Calibrated Probabilistic Pseudo Supervision (DCPS)
measures cross-illumination disagreement to identify unreliable predictions, �l-
ters them with a distribution-adaptive rule, and then samples pseudo labels
from the remaining high-con�dence set to preserve supervision diversity while
avoiding brittle single-choice selection. On top of pseudo supervision, we intro-
duce Frequency-aware Consistency and Distillation (FaCD) to improve
cross-illumination stability without sacri�cing geometric �delity: we enforce low-
frequency agreement to align global shape, while transferring high-frequency
structures via a bidirectional stop-gradient distillation objective with reliability
weighting, which mitigates error reinforcement when an illumination condition
produces corrupted edges. Together, DCPS and FaCD enable stable training
under illumination shifts and avoid the �consistent but blurry� failure mode of
naive consistency regularization.

To bridge the gap between existing depth benchmarks and multi-illumination
scenarios, we build ReMID, a real-world RGB-D dataset that captures scenes
under diverse lighting conditions (e.g ., sunlight, room light, and torchlight).
ReMID enables systematic evaluation of depth robustness and cross-illumination
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consistency when appearance cues change but geometry remains �xed. Moreover,
to complement conventional depth accuracy metrics and �ow-based temporal
consistency metrics targeting video settings, we introduce two complementary
metrics that quantify both the average and worst-case geometric stability un-
der varying illumination. Extensive experiments on both multi-illumination and
standard RGB-D benchmarks validate the e�ectiveness of our approach. Lu-
miDepth substantially improves depth accuracy and illumination consistency
across diverse scenes, outperforming existing foundation models while maintain-
ing strong generalization to uniformly lit datasets. Beyond lighting variation,
our DCPS+FaCD training paradigm can extend to other settings that demand
consistency under appearance shifts, e.g ., adverse weather, sensor noise, or other
domain corruptions where ground truth depth is limited. Our contributions are:

� We propose LumiDepth for stable, accurate depth in multi-illumination
scenes, where recent depth foundation models struggle. LumiDepth addresses
the key bottleneck of limited ground truth depth, enabling adaptation from
multi-illumination RGB information.

� We introduce DCPS module to build reliable, diversity-preserving pseudo
labels from grouped, same-geometry, di�erent-illumination data, and FaCD
module to improve stability without over-smoothing via frequency-aware
consistency and distillation.

� We build ReMID, a real-world multi-illumination RGB-D benchmark, and
propose stability metrics for average and worst-case depth variation. Exper-
iments show consistent gains in both stability and accuracy across multi-
illumination and standard benchmarks.

2 Related Works

2.1 Monocular Depth Estimation

Monocular depth estimation (MDE) aims to infer a dense depth map from a
single RGB image. Early supervised approaches [1, 10, 11, 31, 33, 66] relied on
annotated datasets [16,48] to train convolutional or transformer-based networks
for dense depth prediction. To reduce the dependence on extensive labeled data,
self-supervised methods [8,14,17,18,24,72,74] emerged that exploit photometric
consistency across video frames for supervision.

Recent depth foundation models have greatly advanced zero-shot monoc-
ular depth estimation by scaling both data and model capacity. MiDaS [43]
demonstrated strong cross-dataset generalization through relative depth super-
vision, establishing a foundation for transferable depth prediction. Depth Any-
thing [36, 64, 65] further expanded this paradigm with large-scale data aggre-
gation, achieving high accuracy across diverse domains. Beyond discrimina-
tive approaches, recent studies leverage generative priors for depth estimation.
Marigold [26] �rst repurposed a di�usion backbone for conditional depth predic-
tion, inspiring follow-up works that embed geometric reasoning within generative
frameworks [12,19,20,49,61]. These models exploit di�usion formulations to pre-
serve �ne details and enable e�cient, data-scalable depth prediction.
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2.2 Consistency-Aware Depth Estimation

General MDE models often degrade under challenging visual conditions such
as nighttime, adverse weather, or non-Lambertian surfaces [37, 50, 53, 57]. To
address this, recent works have introduced various data synthesis and augmen-
tation strategies to improve robustness. Image translation-based methods [15,
51, 52, 56, 67, 69] expand daytime datasets to nighttime or adverse conditions.
For instance, md4all [15] employs translation networks [73] and distillation from
clean images, while Tosi et al . [52] use di�usion models [40] with text-guided syn-
thesis for self-distillation. D4RD [56] leverages di�usion backbones for synthetic-
to-real adaptation in adverse weather. Other works propose targeted augmen-
tations: random tone-mapping for non-Lambertian surfaces [69], realistic low-
light simulation [67], and perturbation-based augmentation with spatially con-
strained distillation [51]. Despite these e�orts, most approaches depend on a
clean reference image and synthetic degradations, which limits their applicabil-
ity to multi-illumination settings, where no canonical lighting condition exists
and translation-based augmentations often distort true geometry.

Some works in video depth estimation [5, 23, 25, 30, 32, 38, 59, 68] encourage
temporal consistency by enforcing smoothness or leveraging optical-�ow-based
alignment. However, these methods assume constant lighting conditions with
moving cameras or dynamic objects, whereas our setting involves static scenes
with varying illumination. Furthermore, video consistency metrics [32, 58, 68]
depend on temporal correspondence through motion cues, which do not apply to
static multi-illumination scenes. These di�erences separate our problem setting
from video depth estimation and highlight the necessity for novel metrics and
methods speci�cally designed for multi-illumination depth consistency.

A closely related study is [35], which investigates multi-illumination monoc-
ular depth using a synthetic RGB-D dataset rendered with �xed viewpoints
under controlled lighting conditions, and improves robustness via an attention-
augmented framework with a lightweight self-attention weighting block. Their
direction is complementary to ours: it primarily enhances illumination robust-
ness through supervised learning on rendered multi-illumination data, whereas
our focus is adaptation in real multi-illumination settings where dense multi-
illumination depth supervision is typically unavailable.

3 Method

3.1 Problem Formulation

We build on latent di�usion-based MDE methods [13, 20, 26]. Given an RGB
image x, we encode it once into a conditioning latent c. For a depth map d,
the VAE encoder produces a depth latent z(0) = E(d). The forward di�usion
perturbs z(0) into z(t) at timestep t. Following Lotus [20], we adopt an x0-
prediction parameterization. U-Net fθ is trained with:

LGT = Ez(0),t,ϵ

⃦⃦⃦
z(0) − fθ(z

(t), c, t)
⃦⃦⃦2
2
. (1)
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Fig. 3: Overview of LumiDepth training. Given an RGB-only multi-illumination group,
we �rst obtain multiple depth hypotheses and construct pseudo supervision with
DCPS. We then train the di�usion-based depth predictor with FaCD that improves
cross-lighting stability while preserving geometry by enforcing low-frequency agreement
and performing bidirectional distillation of high-frequency structures.

The Supplementary Material details the forward process. At inference, starting
from z(T )∼N (0, I), a sampler produces ẑ(0) and the �nal depth d̂ = D(ẑ(0)).

Motivated by the limited availability of multi-illumination depth supervision,
we consider two training sources: (i) conventional RGB-D pairs for LGT, and (ii)
RGB-only multi-illumination groups G = {x1, . . . ,xN} of the same static scene.
Our target is to train a predictor f(·) that estimates both illumination-invariant
and geometrically correct depth:

f(xi) ≈ f(xj) ≈ dgt, ∀ i, j, (2)

where dgt is available only during evaluation.
In the following sections, we instantiate this objective by constructing target-

domain label-free supervision from cross-illumination relations within each group
and enforcing geometry-preserving paired consistency during training.

3.2 Disagreement-Calibrated Probabilistic Pseudo Supervision
(DCPS)

Fig. 3 overviews our training pipeline. Given G, we �rst obtain N depth pre-
dictions {d1, . . . ,dN} 3 using a pretrained depth model (i.e., the same model
being adapted for fair and controlled comparison). For each hypothesis di,
we quantify its reliability by measuring how much it deviates from its peers:
vi =

1
N−1

∑︁
j ̸=i ∥di − dj∥22, where vi serves as a disagreement-based uncertainty

score. Intuitively, predictions that are geometrically stable across illuminations
yield lower disagreement.

A naive pseudo label choice such as mean/median aggregation mixes in unre-
liable hypotheses and often blurs structures, while selecting a single �best� can-
didate can be brittle and may over�t to illumination-speci�c artifacts (Tab. 6,
Fig. 4). To remove clear outliers without introducing fragile thresholds, we adopt

3 Unless stated otherwise, d denotes normalized depth.
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Fig. 4: Left: pseudo label construction from a multi-illumination group. Mean/median
aggregation mixes unreliable hypotheses and blurs structures, while selecting a single
best candidate is brittle and can inherit illumination-speci�c artifacts (see Sec. 3.2).
Right: direct latent-space matching (�Latent�) tends to over-regularize and suppress
�ne geometry, whereas FaCD aligns low-frequency shape while distilling high-frequency
edges to preserve sharp structures (see Sec. 3.3 and Tab. 7).

a distribution-adaptive �ltering rule based on the per-sample variance distribu-
tion: τ = median({vi}Ni=1). We keep candidates with vi ≤ τ . This guarantees a
non-empty candidate set (at least N/2 samples) and is stable to scene-dependent
disagreement scales.

After median thresholding, we retain K candidates and re-index them as
{d1, . . . ,dK}, with corresponding uncertainties {u1, . . . , uK}. We convert un-
certainties into normalized con�dence weights via a temperature-scaled softmax:

ρk =
exp(−uk/T )∑︁K
j=1 exp(−uj/T )

, k = 1, . . . ,K, (3)

where smaller uk yields larger ρk. We then sample one candidate to construct
the pseudo label:

dpseudo = dk∗ , k∗ ∼ Categorical(ρ1, . . . , ρK). (4)

This stochastic, con�dence-weighted supervision acts as an implicit ensem-
ble over reliable illumination-conditional hypotheses across training iterations,
while avoiding the bias accumulation and edge blurring typical of deterministic
averaging. The reliability signal is most informative when each group contains
su�ciently diverse, spatially varying illumination; we provide qualitative exam-
ples and further discussion in the Supplementary Material.

For each multi-illumination training sample, we encode dpseudo into latent
space z(0),pseudo and supervise with the reconstruction objective:

Lpseudo = Ez,t,ϵ

⃦⃦⃦
z(0),pseudo − fθ(z

(t),pseudo, E(x), t)
⃦⃦⃦2
2
, x ∈ G. (5)

3.3 Frequency-aware Consistency and Distillation

Beyond pseudo supervision, we apply cross-illumination constraints to explicitly
suppress illumination-induced depth drift while preserving sharp structures.
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A straightforward consistency objective, e.g. ∥ẑ1 − ẑ2∥22 4 (or its decoded-
depth counterpart), often over-regularizes the predictions: illumination-speci�c
appearance changes can be mistakenly treated as geometric disagreement, and
the easiest way to satisfy the constraint is to attenuate high-frequency content
(edges, thin structures), producing blurred depth (Fig. 4). We address this by (i)
enforcing agreement only on low-frequency geometry, and (ii) transferring high-
frequency details via a stop-gradient distillation that avoids coupled collapse.

We �rst decode the predicted latents into depth space using the VAE decoder:

d̂1 = D(ẑ1), d̂2 = D(ẑ2). (6)

Let LPF(·) be a low-pass operator. We de�ne low-frequency consistency as:

LLF =
⃦⃦
LPF(d̂1)− LPF(d̂2)

⃦⃦
1
, (7)

which aligns global shape while leaving local discontinuities unconstrained. We
enforce FaCD in the decoded depth domain instead of the latent domain for
stability and interpretability.

We then distill high-frequency structure using depth gradients (instead of
image gradients to reduce illumination sensitivity; see the Supplementary Ma-
terial for details). We de�ne edge magnitude maps gi = ∥∇d̂i∥ and edge masks
Mi = 1(gi > τd). The high-frequency objective is:

LHF = ρ2
⃦⃦
∇d̂1 − sg[∇d̂2]

⃦⃦
1,M2

+ ρ1
⃦⃦
∇d̂2 − sg[∇d̂1]

⃦⃦
1,M1

, (8)

where sg[·] stops gradient �ow [7]. More reliable predictions provide stronger
teacher signals, which mitigates error reinforcement when one lighting condition
yields corrupted edges. This bi-directional stop-gradient distillation distinguishes
our method from prior approaches [6, 43] that enforce strict agreement.

Furthermore, to prevent bias accumulation from pseudo labels, we include
the standard di�usion reconstruction loss on RGB-D pairs with ground truth
depth captured under uniform lighting (Eq. (1)). The overall objective is:

Ltotal = LGT + λ1Lpseudo + λ2LLF + λ3LHF, (9)

where we set λ1=0.5, λ2=0.5, and λ3=0.1 in all experiments.

4 Experiments

4.1 Implementation Details

LumiDepth is built on the Stable Di�usion v2 [45] architecture. We initialize
the multi-step and single-step variants from Marigold [26] and Lotus [20] check-
points, respectively. During training, we freeze the latent encoder, decoder, and
the �rst two downsampling blocks of the denoiser U-Net. We use a batch size of

4 We denote ẑi as the predicted latent under pseudo supervision at timestep t.
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ReMID-Tabletop ReMID-Indoor

Fig. 5: Samples from the ReMID dataset, containing real-world multi-illumination
RGB-D data. See the Supplementary Material for more details.

16 with gradient accumulation to enable training on a single NVIDIA RTX 4090
GPU. We use a Gaussian �lter (kernel size 11, σ = 10) as the low-pass �lter,
and generate edge masks by suppressing gradients below a threshold τd of 0.05.
Additional details are provided in the Supplementary Material.

4.2 Datasets

Dataset statistics are shown in Tab. 2. Detailed statistics and preprocessing steps
are provided in the Supplementary Material.

In training, for RGB-D datasets, we follow the same setup as baselines and do
not include any additional ground-truth depth information beyond Hypersim [44]
and Virtual KITTI [3]. For multi-illumination scenes without depth annotations,
we use MIIW [41], LSMI [27] and KITTI-C [29].

In evaluation, to bridge the gap between standard depth estimation and
multi-illumination scenarios, we introduce ReMID, a new evaluation set contain-
ing 1000 samples from 100 scenes under diverse lighting conditions with dense
depth annotations. As illustrated in Fig. 5, each scene is captured under several
lighting variants (e.g ., sunlight, room light, torchlight) using a RealSense camera
for dense RGB-D information. We evaluate zero-shot performance under night-
time conditions using NuScenes-Night [4] and RobotCar-Night [39]. In-domain
results on MIIW and LSMI are provided in the Supplementary Material. For
completeness, we also report zero-shot performance on standard depth estima-
tion benchmarks.

We also considered the synthetic multi-illumination dataset released with [35].
However, the public version available at the time of our experiments contains
only two synthetic scenes and does not provide an o�cial training/evaluation
protocol or public checkpoints, which limits diversity and makes benchmarking
unreliable. We therefore do not include it in this paper.
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Table 1: Quantitative comparison of a�ne-invariant depth estimation on zero-shot
multi-illumination and nighttime datasets. We compare against both general and robust
MDEmethods. � denotes methods leverage DA series prior. Best and second best results
are indicated by bold and underline. st denotes direct self-training on RGB-only data;
see Sec. 4.4 for details. Our LumiDepth achieves state-of-the-art overall performance
without relying on any additional ground truth depth supervision.

Method
ReMID NuScenes-N RobotCar-N Avg.

MeanDV↓ MaxPIV↓ AbsRel↓ δ1 ↑ AbsRel↓ δ1 ↑ AbsRel↓ δ1 ↑ Rank↓

general MDE methods

Pixel-Perfect-Depth [61]� 0.068 0.120 0.150 0.751 0.275 0.552 0.238 0.675 11.0

DepthMaster [49]� 0.059 0.092 0.142 0.803 0.252 0.646 0.233 0.582 8.5

DAv2 [65]� 0.051 0.076 0.119 0.857 0.262 0.707 0.242 0.514 7.5

DAv3 [36]� 0.049 0.075 0.118 0.862 0.270 0.695 0.235 0.520 6.9

GenPercept [62] 0.052 0.088 0.111 0.880 0.256 0.584 0.228 0.663 5.8

DistillAnyDepth [22]� 0.047 0.074 0.147 0.835 0.220 0.718 0.233 0.527 5.8

GeoWizard [12] 0.045 0.072 0.110 0.879 0.385 0.381 0.219 0.683 5.6

robust MDE methods

Robust-Depth [47] 0.081 0.130 0.195 0.710 0.301 0.583 0.508 0.510 15.0

WeatherDepth [55] 0.063 0.100 0.178 0.733 0.292 0.602 0.469 0.512 13.2

D4RD [56] 0.058 0.088 0.149 0.764 0.276 0.638 0.434 0.525 11.0

DA-AC [51]� 0.047 0.080 0.117 0.876 0.241 0.719 0.227 0.557 4.8

Marigold [26] (st) 0.109 0.198 0.197 0.702 0.315 0.498 0.282 0.588 15.5

Marigold [26] 0.101 0.188 0.181 0.726 0.308 0.506 0.267 0.605 14.0

LumiDepth (n-step) 0.057 0.097 0.138 0.825 0.274 0.585 0.254 0.632 9.3

Improvement (%) 43.6 48.4 23.8 13.6 11.0 15.6 4.9 4.5 33.6

Lotus [20] (st) 0.048 0.085 0.120 0.835 0.306 0.554 0.289 0.632 9.6

Lotus [20] 0.043 0.074 0.113 0.850 0.280 0.580 0.245 0.656 6.7

LumiDepth (1-step) 0.030 0.055 0.085 0.914 0.223 0.636 0.217 0.676 2.0

Improvement (%) 30.2 25.7 24.8 7.5 20.3 9.7 11.4 3.0 70.1

4.3 Evaluation Metrics

We report AbsRel↓ and δ1 ↑ on datasets with ground truth. To measure stability
across N illumination conditions, we de�ne a per-illumination deviation

vi = meanp

⃓⃓⃓
d̃i(p)− d̄(p)

⃓⃓⃓
d̄(p) + ϵ

, d̄(p) = 1
N

∑︂N

i=1
d̃i(p). (10)

where p is the pixel index and each d̃i is aligned to ground truth. We then use
mean depth variation MeanDV= meani vi to summarize the average stability,
and max per-image variation MaxPIV= maxi vi to capture the extreme-case

(worst-illumination) stability (lower is better). See the Supplementary Material
for details and discussion.

4.4 Results

Evaluation on Multi-Illumination Datasets Tab. 1 reports our zero-shot

performance on the multi-illumination ReMID benchmark and two nighttime
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Fig. 6: Zero-shot results on ReMID dataset, covering extreme illumination conditions
(leftmost and rightmost). Our method not only improves overall accuracy but also sub-
stantially reduces cross-illumination depth variation, yielding more stable predictions.

NuScenes-Night Lotus Ours RobotCar-Night Lotus Ours

Fig. 7: Zero-shot results on NuScenes-Night [4] and RobotCar-Night [39].

driving datasets (NuScenes-Night and RobotCar-Night). We achieve state-of-
the-art overall results, consistently improving both depth accuracy (AbsRel/δ1)
and illumination stability (MeanDV/MaxPIV), without using any additional
ground-truth depth supervision during training. In particular, compared with
Lotus [20], our single-step model reduces MeanDV from 0.043 to 0.030 (−30.2%)
and AbsRel from 0.113 to 0.085 (−24.8%) on ReMID, while improving δ1 from
0.850 to 0.914 (+7.5%). As an additional baseline, we include a direct self-
training (st) variant that uses 14K RGB-only multi-illumination data, but re-
moves our DCPS and FaCD modules. This comparison isolates the e�ect of
simply scaling RGB-only adaptation from our consistency design. Notably, Lu-
miDepth is also competitive with methods explicitly tailored for nighttime ro-
bustness, despite those approaches typically relying on large labeled datasets,
whereas our framework remains label-free for the target domains. Overall, results
demonstrate strong generalization to complex and unseen lighting conditions.

Fig. 1, Fig. 6, and Fig. 7 provide qualitative comparisons. Across diverse
lighting conditions, LumiDepth consistently yields illumination-invariant and
structurally coherent depth maps. In particular, Fig. 6 stresses extreme illumina-
tion changes in ReMID, where strong specularities, cast shadows, and low-light
regions often induce appearance-driven failures, while Fig. 7 highlights robust-
ness in real nighttime driving scenes. In contrast, recent depth foundation mod-
els [20,26] tend to misinterpret illumination artifacts as geometric cues, leading
to distorted geometry and missing structures. Additional qualitative results are
provided in the Supplementary Material.
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Table 2: Main datasets used in
our study. Our real-world ReMID
dataset bridges the depth (D) and
multi-illumination (MI) gap to en-
able comprehensive evaluation. No

additional depth supervision beyond
the baseline setup is used.

Dataset D MI Domain Train Eval

Hypersim [44] ✓ ✗ Syn. 54K 0
VKITTI [3] ✓ ✗ Syn. 20K 0
NYUv2 [48] ✓ ✗ Real 0 654
KITTI [16] ✓ ✗ Real 0 697
NuScenes-N [4] ✓ ✗ Real 0 500
RobotCar-N [39] ✓ ✗ Real 0 186
KITTI-C [29] ✗ ✓ Syn. 3K 0
MIIW [41] ✗ ✓ Real 10K 300
LSMI [27] ✗ ✓ Real 1K 148

ReMID (ours) ✓ ✓ Real 0 1000

Table 3: Quantitative comparison on zero-shot
general depth benchmarks (AbsRel↓). † denotes
RGB-only multi-illumination data.

Method Data NYUv2 KITTI ETH3DDIODE

discriminative

MiDaS [43] 2M 0.111 0.236 0.184 0.332
Omnidata [9] 12.2M 0.074 0.149 0.166 0.339
DPT [42] 1.4M 0.098 0.100 0.078 0.182
DA [64] 62.6M 0.043 0.076 0.127 0.260
DAv2 [65] 62.6M 0.045 0.074 0.131 0.265

generative

GeoWizard [12] 280K 0.052 0.097 0.064 0.297
DepthFM [19] 74K 0.060 0.091 0.065 0.224
GenPercept [62] 90K 0.054 0.102 0.071 0.312
E2E FT [13] 74K 0.052 0.096 0.062 0.302
Marigold [26] 74K 0.055 0.099 0.065 0.308
Lotus [20] 59K 0.054 0.085 0.059 0.229

Lotus [20] (st) 59K+14K† 0.057 0.097 0.063 0.278

LumiDepth 59K+14K† 0.052 0.079 0.059 0.230

NYUv2

AbsRel: 0.092 AbsRel: 0.039

AbsRel: 0.163 AbsRel: 0.129

Lotus Ours Ground Truth DIODE Lotus Ours

Fig. 8: Zero-shot results on general depth benchmarks [48, 54]. Our method produces
sharper and more accurate depth maps compared to existing approaches.

Evaluation on General RGB-D Benchmarks We further evaluate on gen-
eral RGB-D benchmarks (Tab. 3) to verify that LumiDepth generalizes be-
yond multi-illumination scenes to standard uniform-lighting settings. Follow-
ing [13,20,26,62], we compare against both generative and discriminative models.
Generative approaches (di�usion-based) synthesize depth via conditional denois-
ing and often transfer well without large-scale retraining, whereas discriminative
models directly regress depth and typically rely on extensive labeled supervision
for competitive performance. Overall, results show that LumiDepth maintains
strong performance on general benchmarks while consistently outperforming the
direct st baseline, con�rming that the gains are not attributable to naive self-
training alone. Beyond the quantitative results, Fig. 8 shows that LumiDepth
produces sharper depth boundaries and cleaner structures, while avoiding arti-
facts around saturated highlights and preserving accurate depth in underexposed
regions.
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Table 4: Backbone-agnostic plug-in on
discriminative method.

Method MeanDV↓ AbsRel↓

DAv2 [65] 0.051 0.119
DAv2+FaCD 0.048 0.112
DAv2+DCPS 0.040 0.105
DAv2+DCPS+FaCD 0.036 0.102
Ours 0.030 0.085

Table 5: Quantitative results on Ro-
boDepth [29]. We report the average over
all 18 corruption types.

Method MeanDV↓ MaxPIV↓ AbsRel↓ δ1 ↑

DAv2 [65] 0.056 0.094 0.138 0.837
DA-AC [51] 0.048 0.089 0.130 0.845
Lotus [20] 0.051 0.103 0.135 0.842
Ours 0.038 0.072 0.115 0.853

shot noise

frost

defocus blur

zoom blur

snow

corrupted samples DA-ACDAv2 Lotus Ours

Fig. 9: Qualitative results on non-illumination corruptions from RoboDepth [29].

Backbone-agnostic plug-in. Our modules are model-agnostic and can be
integrated into both generative and discriminative predictors. To verify this, we
apply them to DAv2 and observe consistent improvements (Tab. 4). In this work,
we primarily instantiate LumiDepth on a di�usion pipeline, as our experiments
indicate that the iterative denoising process tends to better mitigate appearance-
driven artifacts under illumination changes than direct image-to-depth regression
in a discriminative backbone under comparable adaptation settings.

Beyond multi-illumination: other consistency-critical scenarios. Al-
though multi-illumination serves as our primary setting, the same consistency
challenge appears whenever the scene geometry remains �xed while the visual
evidence changes across conditions (e.g., weather e�ects, motion-induced arti-
facts, or processing distortions). Importantly, our modules are not illumination-
speci�c. They only assume access to paired or grouped observations of the same
scene with di�erent appearances, and can therefore transfer to other consistency-
critical depth scenarios with the same supervision-free setup, as shown quanti-
tatively in Tab. 5 and qualitatively in Fig. 9. Additional implementation details
and extended discussion are provided in the Supplementary Material.

4.5 Ablation Studies

Table 6 compares DCPS with three alternative pseudo-label aggregation strate-
gies.Mean andMedian average hypotheses from the pretrained model and there-
fore inevitably absorb unreliable outliers, yielding supervision that is less ac-
curate across illuminations. Best selects the single hypothesis with the lowest
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Table 6: Ablation on DCPS selection.
Mean andMedian replace DCPS by using
the mean or median of pretrained-model
predictions, respectively, while Best se-
lects the prediction with the minimum
cross-illumination variance (Fig. 4).

Selection
ReMID NuScenes-N NYUv2

AbsRel↓ δ1 ↑ AbsRel↓ AbsRel↓

Mean 0.092 0.909 0.265 0.058
Median 0.091 0.911 0.262 0.057
Best 0.088 0.912 0.245 0.056
DCPS 0.085 0.914 0.223 0.052

Table 7: Ablation on FaCD. Latent

and Depth indicate enforcing cross-
illumination consistency in latent or
depth space (Eq. (6)). This table uses n-
step training for complementary analysis.

Variant
ReMID NuScenes-N NYUv2

AbsRel↓ δ1 ↑ AbsRel↓ AbsRel↓

Latent 0.365 0.629 0.738 0.179
Depth 0.274 0.692 0.520 0.127
LLF 0.145 0.818 0.282 0.057
LHF 0.170 0.766 0.289 0.056
FaCD 0.138 0.825 0.274 0.054

Table 8: Component-removal ablation on the �nal training objective.

Selection
ReMID NuScenes-N NYUv2

MeanDV↓ MaxPIV↓ AbsRel↓ δ1 ↑ AbsRel↓ δ1 ↑ AbsRel↓ δ1 ↑

FULL 0.030 0.055 0.085 0.914 0.223 0.636 0.052 0.965

� LGT 0.029 0.053 0.092 0.904 0.264 0.615 0.057 0.954
� Lpseudo 0.035 0.062 0.090 0.909 0.262 0.618 0.056 0.962
� (LLF+LHF) 0.042 0.076 0.096 0.899 0.258 0.621 0.053 0.962

cross-illumination disagreement but is brittle: it may lock onto an overcon�-
dent candidate that matches illumination-speci�c appearances rather than true
geometry (Fig. 4). In contrast, DCPS performs con�dence-guided probabilistic

selection, assigning higher sampling probability to low-uncertainty candidates
while suppressing highly uncertain ones. This preserves multiple plausible hy-
potheses during training, improving robustness and reducing the risk of drifting
toward illumination-biased pseudo supervision.

Table 7 presents results when consistency is enforced without full FaCD.
Applying a naive consistency loss directly in the latent or depth domain in-
deed enhances stability but severely impairs geometric accuracy (Fig. 4). This
con�rms that frequency-agnostic constraints encourage over-smoothing and sup-
press important edge details. By decoupling low-frequency geometric alignment
and high-frequency edge distillation, FaCD preserves �ne structural cues while
maintaining cross-illumination consistency.

Table 8 analyzes the contribution of each loss component. Removing LGT

increases bias toward pseudo labels, showing that this term mainly serves to cal-
ibrate and stabilize training. Excluding Lpseudo leads to simultaneous drops in
accuracy and stability, highlighting that DCPS pseudo labels o�er illumination-
adaptive supervision complementary to LGT. Eliminating frequency-based con-
sistency terms notably degrades ReMID robustness, con�rming FaCD's unique
role in maintaining geometric and edge �delity under diverse lighting conditions.

Additional experiments on other components, including hyperparameter se-
lection, edge mask, frequency operators, gradient stoppage, dataset con�gura-
tions, and freezing network layers, are provided in the Supplementary Material.
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5 Conclusion

We presented LumiDepth that improves both accuracy and cross-illumination

consistency for monocular depth under severe appearance shifts. Given only
RGB observations of the same static scene captured under di�erent lighting,
DCPS builds reliable pseudo supervision by leveraging cross-illumination dis-
agreement to select high-con�dence hypotheses, while FaCD enforces stability
by aligning low-frequency geometry and distilling reliable high-frequency de-
tails without over-smoothing. We also introduce ReMID, a real-world multi-
illumination benchmark, together with stability metrics that quantify average
and worst-case depth variation across illuminations. Extensive experiments show
consistent gains across diverse illumination and corruption settings, and the same
formulation can be applied to other consistency-critical scenarios with paired or
grouped observations but limited depth supervision.
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