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Abstract

This paper reports on the NTIRE 2026 challenge on HR
Depth From images of Specular and Transparent surfaces,
held in conjunction with the New Trends in Image Restora-
tion and Enhancement (NTIRE) workshop at CVPR 2026.
This challenge aims to advance the research on depth es-
timation, specifically to address two of the main open is-
sues in the field: high-resolution and non-Lambertian sur-
faces. The challenge proposes two tracks on stereo and
single-image depth estimation, attracting about 109 regis-
tered participants. In the final testing stage, 10 and 6 par-
ticipating teams submitted their models and fact sheets for
the two tracks.

1. Introduction

Reversing the image formation process to recover the 3D
structure of a scene represents one of the fundamental prob-
lems in computer vision. Depth estimation from images lies
at the core of this endeavor and serves as a critical building
block for a wide range of downstream applications, includ-
ing augmented reality, autonomous driving, robotics, and
more. Compared to active sensing technologies — such as
LiDARs, Radars, and Time-of-Flight sensors — image-based
depth estimation offers a cheaper and more flexible alter-
native, free from the physical constraints and deployment
limitations that characterize dedicated hardware. The rapid
progress brought by deep learning, and more recently by
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the emergence of foundation models for depth and 3D vi-
sion, has made this strategy increasingly competitive. Yet,
despite the steady advances observed over the past decade,
depth estimation remains far from solved under certain con-
ditions. We identify two challenges that cut across virtually
all image-based approaches — and even affect active sensors.

The first is spatial resolution. Modern color cameras can
capture frames at tens of Megapixels: processing such high-
resolution images with deep networks, however, introduces
significant computational demands and requires dedicated
training strategies to fully exploit the available spatial detail.
The second is the ambiguity introduced by non-Lambertian
surfaces. Transparent and reflective materials violate the ba-
sic assumptions underlying both active sensors — where Li-
DAR beams may refract or pass through glass — and image-
based methods — where stereo matching tends to lock onto
the content behind a transparent object rather than its sur-
face. Ground-truth depth for such materials is consequently
scarce in existing training sets, leading most models to fail
precisely where robust perception is most needed.

This NTIRE 2026 Challenge on HR Depth from Images
of Specular and Transparent Surfaces directly targets both
of these open problems. Building on the success of previ-
ous editions [84—-86], the challenge is organized around the
Booster dataset [140, 143], whose 12 Mpx stereo imagery
and abundant non-Lambertian objects make it uniquely
suited to this purpose. Two tracks are proposed: Stereo,
where depth is recovered through disparity estimation be-
tween rectified image pairs, and Mono, where a single frame
is the only input. The challenge attracted approximately
109 registered participants, with 10 and 6 teams submitting
models and fact sheets for the Stereo and Mono tracks re-
spectively in the final testing phase. The methods, results,
and findings of this edition are reported and discussed in
detail in Section 4.
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2. Related Work

Deep Stereo Matching. Initial end-to-end architectures
split into two main families: 2D networks operating directly
on feature maps [57, 64, 71, 78, 90, 97, 104, 107, 132, 138]
and 3D cost-volume architectures that aggregate matching
evidence across disparity levels [8, 12, 13, 18, 31, 44, 46,
96, 112, 124, 131, 146].

The field shifted significantly in the 2020s [111] with
the introduction of iterative optimization frameworks and
attention-based matching. Recurrent refinement strategies,
initiated by RAFT-Stereo [105], rapidly became the domi-
nant approach due to their flexibility and accuracy [40, 52,
113, 128, 129, 145], while transformer-based methods of-
fered complementary advances in long-range context mod-
eling [29, 56, 63]. Together, these developments drove
steady performance saturation on established benchmarks
including KITTI 2012 [24], KITTI 2015 [65], ETH3D [93],
and Middlebury 2014 [92]. Parallel efforts have also tar-
geted high-resolution disparity refinement [1, 110].

More recently, the first foundation models for stereo
matching have emerged [4, 11, 39, 50, 123, 127, 135, 150],
marking a qualitative leap in zero-shot generalization and
robustness to non-Lambertian surfaces — properties that
prove directly relevant to the Booster benchmark [ 140, 143]
evaluated in this report.

Monocular Depth Estimation. Inferring depth from a
single image is an inherently ill-posed problem that deep
learning has made tractable, leveraging both large-scale an-
notated datasets [9, 20, 48, 82, 119] and self-supervised
paradigms [25, 26, 30, 41, 49, 77, 108, 109, 126, 141,
147, 149] that reframe training as an image reconstruction
problem via multi-view geometry, removing the need for
ground-truth annotations entirely.

A major shift came with affine-invariant formulations
designed for cross-domain generalization. MiDaS [88]
pioneered this direction by mixing heterogeneous depth
sources under a scale-and-shift invariant loss, followed by
DPT [87], which leveraged transformer encoders to further
boost zero-shot transfer. Complementary efforts targeted
geometric fidelity, addressing shape distortions in monocu-
lar point clouds [137] and recovering high-frequency detail
through multi-scale or patch-based inference [55, 66].

This trajectory converged into the current generation of
foundation models for depth. Depth Anything [133] scaled
the training pipeline with tens of millions of unlabeled im-
ages via a student-teacher protocol, while Depth Anything
v2 [134] refined this with synthetic-to-real distillation to im-
prove fine-grained detail and boundary accuracy. In paral-
lel, generative approaches repurposed large-scale diffusion
priors for dense prediction: Marigold [43] adapted Stable
Diffusion for affine-invariant depth, GeoWizard [22] ex-
tended this to joint depth-normal estimation, and Lotus [33]
simplified the inference protocol for efficiency. These meth-

ods were subsequently extended to temporally consistent
video depth estimation [37, 42, 95]. Metric depth estima-
tion has followed a parallel path: ZoeDepth [5] combined
relative and metric heads in a two-stage framework; Met-
ric3D [36, 136] conditioned predictions on camera intrin-
sics to resolve scale ambiguity; UniDepth [75, 76] jointly
estimated depth and camera parameters; and Depth Pro [6]
achieved sharp metric maps at high resolution. More re-
cently, several works have reformulated the problem as
dense point map estimation, directly regressing per-pixel
3D coordinates from a single image [120-122].

The ability to perceive transparent and reflective sur-
faces has emerged as an important open challenge, sup-
ported by dedicated benchmarks [140]. Proposed solu-
tions include annotation pipelines that combine pre-trained
depth models with material segmentation [17] or diffusion-
based inpainting [114] to generate pseudo-labels for non-
Lambertian objects, as well as depth completion strategies
targeting transparent surface holes [14, 91]. Notably, recent
foundation models such as Depth Anything v2 [134] exhibit
surprising robustness on reflective and transparent regions
without explicit supervision.

Competitions and Challenges on Depth Estimation.
Depth estimation has been the subject of numerous dedi-
cated challenges in recent years, covering both stereo and
monocular settings. These include the Robust Vision Chal-
lenge (ROB) [144]; the Dense Depth for Autonomous
Driving challenge (DDAD) [23]; the Fast and Accurate
Single-Image Depth Estimation on Mobile Devices Chal-
lenge (MAI) [38]; the Argoverse Stereo Challenge [47];
and the long-running Monocular Depth Estimation Chal-
lenge (MDEC) [98-100], which held its fourth edition at
CVPR 2025 [70]. The present challenge builds on five pre-
vious editions: NTIRE 2023 [84] and NTIRE 2024 [85] at
CVPR, the TRICKY 2024 challenge [139] at ECCV 2024,
NTIRE 2025 [86] at CVPR 2025, and the TRICKY 2025
challenge [83] at ICCV 2025.

NTIRE 2026 Challenges. This challenge is one of the
challenges associated with the NTIRE 2026 Workshop '
on: Deepfake detection [35], high-resolution depth [142],
multi-exposure image fusion [81], Al flash portrait [28],
professional image quality assessment [79], light field
super-resolution [125], 3D content super-resolution [118],
bitstream-corrupted video restoration [151], X-AIGC qual-
ity assessment [62], shadow removal [116], ambient light-
ing normalization [ 15], controllable Bokeh rendering [94],
rip current detection and segmentation [19], low light image
enhancement [15], high FPS video frame interpolation [16],
Night-time dehazing [2, 3], learned ISP with unpaired
data [73], short-form UGC video restoration [53], rain-
drop removal for dual-focused images [54], image super-
resolution (x4) [10], photography retouching transfer [21],

https://www.cvlai.net/ntire/2026/
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mobile real-word super-resolution [51], remote sensing in-
frared super-resolution [60], Al-Generated image detec-
tion [32], cross-domain few-shot object detection [80], fi-
nancial receipt restoration and reasoning [27], real-world
face restoration [117], reflection removal [7], anomaly de-
tection of face enhancement [148], video saliency pre-
diction [69], efficient super-resolution [89], 3d restora-
tion and reconstruction in adverse conditions [61], im-
age denoising [101], blind computational aberration cor-
rection [103], event-based image deblurring [102], efficient
burst HDR and restoration [72], low-light enhancement:
‘twilight Cowboy’ [45], and efficient low light image en-
hancement [130].

3. NTIRE Challenge on HR Depth from Im-
ages of Specular and Transparent Surfaces

We organize the NTIRE 2026 Challenge on HR Depth from
Images of Specular and Transparent Surfaces to further ad-
vance the development of state-of-the-art solutions capable
of handling high-resolution imagery and non-Lambertian
surfaces — such as mirrors and transparent objects.

Tracks. The challenge is articulated into two tracks:
Stereo, targeting methods that estimate disparity from recti-
fied image pairs, and Mono, using single frame inputs.

e Track 1: Stereo. Participants are required to produce
high-quality, dense disparity maps from 12 Mpx stereo
pairs. The extreme resolution alone places this track
beyond the operational range of most existing stereo
networks, while the presence of non-Lambertian sur-
faces further challenges the underlying assumptions of
correspondence-based matching.

e Track 2: Mono. This track requires depth estimation
from a single 12 Mpx frame. Beyond the inherent am-
biguity of the monocular setting, the frequent occurrence
of transparent objects and mirrors — underrepresented in
standard training corpora — adds further challenges.
Datasets. Both tracks are built upon the Booster

dataset [140, 143], comprising 419 high-resolution stereo

pairs captured across 64 scenes and split into 228 training
and 191 testing pairs, with 38 and 26 scenes respectively.

A subsequent release [140] augmented the benchmark with

a dedicated monocular testing split of 187 single frames

across 21 environments.

Following the protocol established in previous edi-
tions [84, 85], the original 228 training stereo pairs serve
as the shared training split for both tracks. Two separate
validation splits are defined by selecting frames with vary-
ing illumination conditions from 3 scenes in each testing
partition: Microwave, Mirrorl, Pots for the Stereo track
and Desk, Mirror3, Sanitaries for the Mono track, yield-
ing 15 validation samples per track out of the 26 and 28
available from the selected scenes. The remaining images
in the two original testing splits constitute the official test-

ing splits, amounting to 169 and 159 samples for the Stereo
and Mono tracks respectively.

Evaluation Protocol. For each track we adopt metrics
consistent with the official Booster benchmark [140, 143].

For the Stereo track, we report the percentage of pixels
with disparity error exceeding a threshold 7 (bad-7, with
T € [2,4,6,8]), along with Mean Absolute Error (MAE)
and Root Mean Squared Error (RMSE) in pixels.

For the Mono track, this edition introduces a key
change with respect to previous ones [84—86]: submis-
sions are now evaluated in the metric depth regime, with-
out any post-hoc scale-and-shift alignment. We there-
fore report the threshold-based accuracy (6 < 4, with
i € {1.05,1.15,1.25}), Absolute Relative error (Abs Rel.),
MAE, and RMSE.

Following [17, 85], all metrics are computed on three
complementary pixel subsets: All pixels, ToM pixels (those
belonging to transparent or mirror surfaces), and Others (the
remaining pixels, excluding ToM). This decomposition al-
lows to explicitly quantify the impact of non-Lambertian
regions on model performance.

The primary ranking metric is bad-2 for the Stereo track
and RMSE for the Mono track, both computed over All pix-
els and highlighted in red in the result tables. As in previous
editions, two parallel rankings are defined based on perfor-
mance over ToM and All regions respectively.

4. Challenge Results

For each track, four teams participated in the final evalua-
tion phase, with their outcomes detailed in Sections 4.1 and
4.2. A brief explanation of each approach for both stereo
and mono tracks is provided in Section 5.1 and Section 5.2,
while the team composition is detailed in Sections B and C.

4.1. Track 1: Stereo

Table 1 reports the results for this first track. At the bottom,
we report the baseline — i.e., CREStereo [52]. From left to
right, we report bad-7 metrics, MAE, and RMSE metrics
for ToM, All, and Other pixels, respectively. On the right
of the team’s name, we report their overall rank, computed
according to bad-2 errors — the most restrictive metric — on
ToM and All regions.

The top three submitted methods outperformed the base-
line on both ToM and All pixels, with GTR-robot achiev-
ing the best results across both rankings, securing first place
on ToM and All pixels alike. NTR ranks second on both,
while NJUST-KMG completes the podium. Notably, NTR
and GTR-robot achieve the lowest bad-2 errors on Other
pixels, outperforming even the baseline in that region. The
FengFans and Depthforge_iitj submissions fall below the
baseline, with the latter producing degenerate predictions
reflected in extremely high MAE and RMSE values across
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ToM All Other
Team Rank | bad-2  bad-4  bad-6 bad-8 MAE RMSE | Rank | bad-2  bad-4 bad-6 bad-8 MAE RMSE bad-2  bad-4 bad-6 bad-8 MAE RMSE
GTR-robot #1 3222 1798 1391  12.03 4.10 7.46 #1 16.10 6.13 4.06 3.30 1.76 4.57 12.98 3.16 1.50 1.02 1.18 341
NTR #2 4447 3244 2766 2510 19.69  27.09 #2 16.86 8.47 6.55 5.60 517 12.82 12.13 3.23 1.65 0.93 111 3.34
NJUST-KMG #3 5679 3376 2485 19.22 1139 2288 #3 3751 1877 12.34 9.03 567 21.71 33.90 15.29 9.33 6.37 376 1757
[Baseline] #4 59.64 4726 4027 3541 24.69  42.28 #5 3575 2351 1898 1642  12.13 2846 || 2834 1393 7.91 4.64 2.95 7.59
FengFans #5 77.02 6232 5244 4541 26.07 3526 #4 5773 4494 38838 3487 1986  37.94 54.00 4026 3441  30.71 1597 30.57
Depthforge._iitj #6 100.00  100.00 100.00 100.00 455.80 458.00 #5 100.00  100.00 100.00 100.00 405.90 414.93 || 100.00 100.00 100.00 100.00 397.42 406.80

Table 1. Stereo Track:
subsets: All, ToM (Transparent or Mirror), and Other materials.

Evaluation on the Challenge Test Set. Results are reported at full resolution (4112x3008) across three pixel
Gold , silver , and bronze indicate first, second, and third place

respectively. Rankings are determined by bad-2, computed separately on ToM and All pixels.

RGB GT CREStereo[34]

FengFans

GTR-robot NTR NJUST-KMG

Figure 1. Qualitative results — Stereo track. From left to right: RGB reference image, ground-truth disparity, predictions by CREStereo

[52], FengFans, GTR-robot, NTR, and NJUST-KMG.

all pixel categories. Fig. 1 depicts some qualitative results
from the stereo testing set.

4.2. Track 2: Mono

Table 2 shows the results for the second track. At the bot-
tom, we report the results achieved by the baseline method
—1i.e., the Unik3D [74] model using the weights provided by
the authors. From left to right, we report deltas, Abs Rel.,
MAE, and RMSE metrics for ToM, All, and Other pixels,
respectively. We report two different rankings, according to
the performance observed on RMSE — the primary metric
for this edition — computed over ToM and All pixels. The
majority of submitted methods outperformed the Unik3D
baseline, with the exception of hello.w and DepthForgel-
ITJ, the latter producing degenerate predictions reflected in
extremely high error values across all pixel categories. Un-
like the previous edition, no single method dominates across
all pixel categories: Lavreniuk achieves the best RMSE on
ToM pixels, while AIIA-Lab leads on All and Other pixels,
also achieving the highest § < 1.05 accuracy across all cat-
egories. The top three methods — Lavreniuk, AITA-Lab,
and MiVideo — consistently outperform the baseline across
all pixel categories, though absolute accuracy on 7oM re-
gions remains significantly lower than on Other pixels, con-

firming that transparent and mirror surfaces continue to rep-
resent the primary open challenge for monocular depth es-
timation. Fig. 2 shows some qualitative examples from the
mono testing set.

5. Challenge Methods
5.1. Track 1: Stereo
5.1.1 Baseline - CREStereo [52]

For the first track, we set the state-of-the-art CREStereo
architecture [52] as our baseline. This model consists of
a hierarchical network employing a recurrent refinement
process, designed to update the predicted disparity map in
coarse-to-fine manner. This process is implemented based
on an adaptive group correlation layer (AGCL), where an
alternate 2D-1D local search strategy with deformable win-
dows is employed for robust matching even in the presence
of imperfect rectification. The AGCL module computes
correlations between pixels in local search windows, in con-
trast to what the all-pairs correlation module from RAFT-
Stereo [59] does, reducing the computational requirements.
To obtain the final predictions, we process images at quar-
ter resolution using the original weights released by the au-
thors, then we upsample predicted disparity maps to the
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ToM All Other
Team Rank |0 <1.05 0 <1.15 d <125 AbsRel. MAE RMSE ||Rank | § <1.05 0<1.15 6 <1.25 AbsRel. MAE RMSE [0 <1.05 6 <1.15 0 <125 AbsRel. MAE RMSE
Lavreniuk #1 38.04 74.65 90.91 8.33 7.98 8.22 #2 3474 71.98 89.02 897 1096 11.97 3291 78.69 89.15 912 1129 1236
AIIA-Lab #2 40.14 83.62 94.62 9.06 8.65 9.05 #1 51.29 89.92 95.22 7.25 8.19 9.38 51.08 89.80 95.91 6.83 8.35 9.56
MiVideo #3 30.53 71.66 85.33 1053 10.85 11.24 #3 27.30 68.40 85.69 1099 13.05 13.87 26.51 67.93 85.31 11.22 1354 14.26
IIT JAMMU #4 34.96 66.68 85.97 1287 1195 13.04 || #4 21.20 58.18 83.06 1445 1587 18.46 19.05 59.86 86.04 1339 1555 17.81
tianjiajun #5 23.94 52.80 80.27 1324 1371 1401 || #5 21.27 52.87 76.44 1371 17.27  18.96 18.94 50.54 76.09 1411 1822 19.75
SNU-ISPL-B #6 17.28 56.67 83.76 1346 1348 14.44 | #6 20.19 57.55 75.66 14.11 1751  20.49 18.44 55.85 74.02 1469 1896 21.83
NTR #1 22.15 48.71 67.72 1634 1698 18.72 || #7 14.70 42.06 63.82 18.69 2447 2849 15.31 43.06 62.19 19.83  27.08 30.44
CVIS-MIP #8 19.06 37.59 47.13 3557 3298 3991 #8 19.73 41.89 57.78 24.16 27.19  31.60 18.83 41.04 61.12 21.80 2556 27.77
[Baseline] #9 7.19 41.30 64.32 25.00 26.03  26.67 - 7.53 41.50 73.51 20.00 23.73  25.60 7.27 46.21 79.29 16.00 18.72 19.36
hello_w #10 4.99 15.36 26.34 45.05 42,17 4737 #9 8.55 23.74 35.00 3742 40.07 46.64 9.57 24.69 34.50 37.85 4320 47.66
DepthForgellTJ | #11 131 3.75 6.07 417.74 36127 387.54 | #10 243 7.00 1120 32039 290.59 377.10 2.17 6.24 9.98  350.89 328.15 408.91

Table 2. Mono Track: Evaluation on the NTIRE 2026 Challenge Test Set. Metric monocular depth predictions assessed at full resolution
(4112x3008) across three pixel subsets: All, ToM (Transparent or Mirror), and Other materials. Depth values are in centimeters; MAE
and RMSE are expressed in cm, while Abs Rel. is reported as percentage (x 100). Gold , silver , and bronze indicate first, second, and
third place respectively. Rankings are determined by RMSE (cm), computed separately on ToM and All pixels.

RGB GT Unik3D[74] AIIA-Lab Lavreniuk MiVideo tianjiajun

Figure 2. Qualitative results — Mono track. From left to right: RGB reference image, ground-truth disparity, predictions by Unik3D [74],
AlIIA-Lab, Lavreniuk, MiVideo, and tianjiajun.

backbone through Conditional Blocks (C-blocks), dynami-
cally emphasizing features at the targeted depth layer while
suppressing out-of-focus signals, before passing through
cost-volume matching and local refinement. To bridge the
Sim2Real gap, the team employs large-scale photorealistic
synthetic data with overlapping transmissive layers and an
auxiliary stereo segmentation task to provide structural pri-
ors to distinguish highly transmissive or highly reflective
object boundaries from complex background textures. Dur-
.. . . . . ing inference, c is set to O to prioritize the nearest transmis-
original resolution through bilinear interpolation.

sive or reflective surface, and images are processed at half
the resolution.

Figure 3. Network Architecture — Team GTR-robot.

5.1.2 Team 1 - GTR-robot

The GTR-robot team (CodaLab: Junhong) presents Depth-
Focus [68], a steerable multi-layer stereo framework de-
signed to address depth ambiguity in transparent and re- The NTR team (CodaLab: miketjc0316) applies Founda-
flective scenes. DepthFocus builds upon the S2M? base- tionStereo [127], a zero-shot stereo matching foundation
line [67] and introduces an intent-driven steering mecha- model, directly to the high-resolution Booster stereo pairs
nism controlled by a normalized scalar signal ¢ € [0, 1], without any fine-tuning. FoundationStereo employs a ViT-
derived from focus distance and stereo calibration parame- Large backbone pretrained with DINOv2 and a side-tuning
ters. This signal modulates a Multi-resolution Transformer adapter bridging monocular depth priors to stereo matching,

5.1.3 Team 2 - NTR
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Figure 4. Network Architecture — Team AIIA-Lab.

with disparity iteratively refined over 32 GRU iterations. To
handle the full 3008 x4112 resolution within GPU memory,
inputs are resized to a scale factor of 0.3 with hierarchical
inference enabled, and the resulting disparity is upsampled
back to the original resolution via bilinear interpolation.

5.1.4 Team 3 - NJUST-KMG

The NJUST-KMG team (Codalab: [ll07) presents
MonSter-DAv2, an improved MonSter architecture integrat-
ing Depth Anything V2 for high-resolution stereo depth es-
timation on specular and transparent surfaces. The method
adopts a dual-branch design combining a monocular branch
built on Depth Anything V2 for global structural priors
with a stereo branch for fine-grained disparity estimation.
Matching reliability in challenging regions is improved
through a hybrid fusion of DPT-style transformer features
and CNN-based local features. Inference is performed at
quarter resolution to handle 12Mpx inputs efficiently, with
further refinement to recover high-resolution detail.

5.2. Track 2: Mono
5.2.1 Baseline - UniK3D [74]

For this second track, we set the UniK3D model as our base-
line, a universal monocular 3D estimation framework. It
predicts scene geometry by decomposing 3D structure into
a per-pixel ray field and a metric radial distance, support-
ing arbitrary camera models through a dedicated angular
branch. As for the Stereo track, we use the original weights
made available by the authors.

5.2.2 Team 1 - AIIA-Lab

The AIIA-Lab team (CodalLab: jing27) presents Fake
It Till You Depth It (FITD), a reflection-aware fine-
tuning approach built upon a pretrained Depth Anything
v3 NESTED-GIANT-LARGE-1.1 model [58] for metric
monocular depth estimation in reflective and transparent in-
door scenes. Starting from the Booster training split, dif-
ficult scenes dominated by severe highlights or reflection

Figure 5. Network Architecture — Team MiVideo.

artifacts are identified and preprocessed via inpainting to
construct an expanded training set. Pseudo ground truth
generated from these enhanced samples is further manually
filtered to retain only visually consistent and geometrically
reasonable labels, and the final model is fine-tuned on the
combination of original and curated augmented data. The
optimization objective combines Huber loss, AbsRel loss,
and SILog loss, with grouped learning rates applied to dif-
ferent parts of the network to stabilize fine-tuning and pre-
serve the pretrained backbone’s prior knowledge. At infer-
ence, an automatic robust preprocessing step is applied to
each test image before feeding it into the fine-tuned model
to produce the final metric depth map.

5.2.3 Team 2 - Lavreniuk

The Lavreniuk team (CodalLab: mlavreniuk) presents Deep-
Blend, a method built upon Depth Anything V2 (DAv2)
as the primary monocular depth estimator. For training,
pseudo-depth labels are generated per surface type: trans-
parent objects are handled via a modified blending pro-
cedure fusing RGB images with object masks, extending
Costanzino et al. [17], while mirror regions undergo in-
painting with a fast Fourier convolution-based model be-
fore pseudo-label generation. Depth Anything [133] and
DAv2 are used as pseudo-label predictors, with their av-
eraged outputs yielding more stable depth maps. The fi-
nal model is fine-tuned in two stages: first on a mixture of
datasets including TransCG, ClearGrasp, MIDepth, Ham-
mer, HouseCat6D, MSD, Trans10K, and Booster; then for
10 additional epochs on Booster alone. The architecture fol-
lows the standard DAv2 design with a DINOv2 ViT encoder
and DPT decoder, trained with SILog loss, augmented for
illumination robustness, with horizontal flipping and color
jittering applied at test time.

5.2.4 Team 3 - MiVideo

The MiVideo team (Codalab: yangm) presents Texture-
Depth, a mask-guided preprocessing and ensemble strategy
that improves monocular depth estimation on ToM surfaces
without retraining the depth model. ToM masks predicted
by RFENet are aggregated across illumination captures per
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scene, retaining only consistently identified regions, and
refined with lightweight manual correction. Masked re-
gions are preprocessed with Gaussian smoothing followed
by low-amplitude sinusoidal texture perturbations — zero-
mean by design — to introduce directional structural cues
while preserving global color statistics. The processed im-
ages are fed into a pretrained Depth Anything V3 model
for metric depth prediction, refined with bilateral filtering,
and aggregated across illumination captures via pixel-wise
median ensembling.

5.2.5 Team4 - IIT JAMMU

The IIT JAMMU team (CodaLab: divyanshul90) proposes
an ensemble framework combining Depth Anything V2
(ViT-L), fine-tuned on Booster for 50 epochs, with pre-
trained ZoeDepth NK. During inference, multi-scale test-
time augmentation across 3 scales and 4 flips is applied to
both models, and outputs are combined via a weighted en-
semble (0.6/0.4). The ensembled depth map is aligned to
metric scale through scale-shift estimation, with transparent
regions further refined via inpainting and object boundaries
sharpened using SAM?2 segmentation masks.

5.2.6 Team 5 - tianjiajun

The tianjiajun team (CodalLab: divyanshul90) adapts
UniK3D into a calibration-aware metric depth estimator for
specular and transparent surfaces. The DINOv2 ViT-L en-
coder and geometry-aware decoder predict scene geometry
as a combination of a per-pixel ray field and a metric ra-
dial distance. Since the NTIRE benchmark provides cali-
brated pinhole cameras, the angular branch is bypassed and
ground-truth rays condition the decoder directly, removing
camera ambiguity. The model is fine-tuned for 50,000 it-
erations using AdamW at a base learning rate of 5x 1076,
batch size 4, with a ContextCrop strategy at 1504 x2056
training resolution and full 3008 x4112 at inference.

5.2.7 Team 6 - SNU-ISPL-B

The SNU-ISPL-B team (Codalab: Kakarot) presents
FrozenZoe-HB, a fine-tuned ZoeDepth model adapted to
Booster via a frozen-backbone strategy. The MiDaS DPT-
BEIT-L-384 backbone is kept entirely frozen to preserve
large-scale pretraining representations, while only the met-
ric bins module is optimized: 64 adaptive bin centers are
initialized, refined through four attractor layers, and de-
coded via a Conditional Log Binomial head. Training uses
a single SILog loss with 3 raised from 0.15 to 0.5, ampli-
fying the global scale error penalty by ~3.3x, for 10,000
iterations under a OneCycleLR schedule at a peak learning
rate of 1.61x 10~4, batch size 16, on a single 3090 GPU.

Figure 6. Network Architecture — Team SNU-ISPL-B.

Figure 7. Network Architecture — Team CVIS-MIP.

5.2.8 Team 7 - NTR (mono)

The NTR team (CodaLab: miketjc) combines Depth Any-
thing V2 Large as an offline relative depth estimator with
a diffusion-pretrained regression network for metric depth
prediction. DAv2 pseudo-depth maps — scale- and shift-
ambiguous but structurally robust on ToM surfaces — are
concatenated with the RGB image to form a 6-channel input
to a TimeDiffiT-ResNet U-Net (~142M parameters). The
network is pretrained via Masked Diffusion Autoencod-
ing (MDAE) with dual spatial masking and VE-SDE noise
injection, then fine-tuned on Booster with material-aware
MSE upweighting ToM pixels by 5x. At inference, over-
lapping 512x512 tiles with a stride of 448 are processed
and refined through 8-fold geometric self-ensemble [106]
and bilateral filtering.

5.2.9 Team 8 - CVIS-MIP

The CVIS-MIP team presents Hypersimify-DA2, a
training-free domain adaptation pipeline for monocular
metric depth estimation on specular and transparent sur-
faces. The core idea is to map real input images to the Hy-
perSim synthetic distribution, exploiting a Depth Anything
v2 model fine-tuned on HyperSim where perfect ground-
truth depth is available for transparent and specular objects.
The preprocessing pipeline applies bilinear filtering for tex-
ture smoothing, highlight compression to remove saturated
values (235-255) via inpainting, and CLAHE with 8x8
patches for local contrast enhancement. Predictions are up-
sampled to 3008 x4112 via bilinear interpolation followed
by an RGB-guided filter to preserve edge sharpness.
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