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MODepth: Benchmarking Multi-frame Monocular Depth Estimation
with Optical Image Stabilization
ANONYMOUS AUTHOR(S)
This paper presents MODepth, a multi-frame monocular depth estimation
system based on the controlled motion of an optical image stabilization (OIS)
module. By actively injecting acoustic signals, we induce regular transla-
tional movements of the OIS lens, resulting in controllable camera pose
changes and simplifying inter-frame pose estimation. Leveraging multi-
frame images captured under OIS-controlled lens movements, we design
a high-precision depth estimation network, MODNet, and introduce the
principal point offset estimation module and pose estimation modules to
fully exploit geometric information across frames. To validate the effec-
tiveness of our approach, we collect a new dataset MODdata with 1100
samples in nearly 220 indoor scenarios and benchmark our model as an
OIS-based multi-frame depth estimation method, comparing it to ground
truth obtained from a depth sensor and other state-of-the-art monocular
depth estimation algorithms. Our method achieves competitive or superior
performance compared to fully supervised baselines, reaching an RMSE of
0.439, which outperforms all evaluated methods, demonstrating that self-
supervised fine-tuning with OIS-induced parallax is a viable alternative to
ground-truth supervision.

The relevant code and dataset will be released upon acceptance of this paper.

Additional Key Words and Phrases: Monocular Depth Estimation, Optical
Image Stabilization

1 Introduction
Monocular depth estimation has attracted considerable attention
due to its wide range of applications and low hardware requirements
(i.e., requiring only a single camera) [Bian et al. 2021a; Godard et al.
2019; Yu et al. 2020]. In particular, single-frame monocular depth
estimation aims to recover the 3D geometric structure from a single
RGB image [Zhao et al. 2023, 2020; Zhou et al. 2019]. However,
due to the absence of disparity or multi-view information, this
type of method typically relies on supervised training with dense
ground-truth (GT) depth maps captured by depth sensors [Bhat
et al. 2021; Ranftl et al. 2021]. Moreover, these approaches tend
to over-rely on the trained semantic priors, which severely limits
their generalization ability in novel or complex scenes and often
necessitates the collection of new datasets [Piccinelli et al. 2023].

Multi-framemonocular depth estimation leverages video sequences
or multiple consecutive images captured by a moving monocular
camera, and estimates depth by enforcing inter-frame 3D geomet-
ric consistency [Yao et al. 2018, 2019]. This approach effectively
alleviates the strong reliance on GT-based supervised learning in-
herent in single-frame methods. Accurate relative pose estimation
between frames is essential to guarantee the quality of geometric
supervision. In scenarios with constrained camera motion, such as
autonomous driving, pose estimation networks perform reliably:
large inter-frame translations and small rotations simplify the pose
estimation task and yield high accuracy, thereby improving depth
estimation performance [Bian et al. 2021b; Li et al. 2021]. In contrast,
hand-held camera scenarios introduce complex and unstable mo-
tion patterns, making pose prediction more challenging. Inaccurate
pose estimates in such cases degrade the effectiveness of geometric

（a）An OIS-supported camera
built in the smartphone

Frame 1

Frame 2
（b）Monocular camera-based 

stabilized dual-frame capture

w/ OIS w/o OIS

（c）Texture prediction in monocular 
depth estimation

Texture 
Prediction

Error

Fig. 1. MODepth leverages OIS mechanism lens control for stable parallax
acquisition under static equipment conditions.

supervision and adversely affect depth estimation accuracy [Jiang
et al. 2021; Yu et al. 2020; Zhao et al. 2023].

This raises an important question: can we design multi-frame cap-
ture protocols for smartphones that induce regular and stable camera
motion patterns similar to those in autonomous driving scenarios?
Achieving such controlled camera poses would simplify the pose
estimation problem, enhance the effectiveness of geometric super-
vision in multi-frame monocular depth estimation, and ultimately
lead to higher-quality depth maps.
Inspired by the optical image stabilization (OIS)-based vision

enhancement techniques [Lu et al. 2024; Pan et al. 2022b; Trippel
et al. 2017], we explore leveraging the controlled motion of camera
lenses induced by OIS modules to generate regular camera pose
changes. In related works, researchers inject high-frequency and
inaudible acoustic signals to actively control the lens motion in
the OIS module, which means the acoustic signals can cause the
camera lens to shift in a controlled manner. This approach allows
for capturing sequential images with regular motion patterns while
keeping the camera body stationary. Building upon this principle, in
this paper, we proposeMODepth, a novel multi-frame monocular
depth estimation framework and benchmark built upon the OIS-
induced stereoscopic image acquisition paradigm.

Our contributions span both dataset construction and model de-
sign. First, we construct a new dataset consisting of 1,100 OIS-driven
image pairs captured in diverse indoor environments. In each pair, a
reference frame is captured with the lens at rest, followed by a target
frame obtained while the lens is actively moved using inaudible
acoustic signals that actuate the OIS module. This results in stable
and repeatable parallax without requiring external camera motion.
Second, we introduce a two-stage learning framework tailored to
indoor depth estimation. Inspired by Croco and other works uti-
lizing synthetic data for pretraining, we first develop a synthetic
dataset that mimics the parallax characteristics induced by OIS in
real-world settings. Using this dataset, we perform supervised pre-
training to initialize a ViT-based depth estimation backbone with
strong inductive priors over indoor 3D structures. Subsequently,
we fine-tune the model via self-supervised learning on real OIS
image pairs. This phase incorporates a structure-aware photomet-
ric consistency loss that leverages the known characteristics of the
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OIS-induced lens motion, ensuring geometric coherence during opti-
mization. Through this hybrid strategy, our model learns to produce
dense and geometrically consistent depth maps even under chal-
lenging indoor conditions. Together, our benchmark and method
demonstrate that exploiting hardware-induced lens motion offers
a practical and accurate solution to monocular depth estimation,
particularly in scenarios where conventional stereo or motion cues
are unavailable. Our contributions are threefold:

• We propose MODepth, an OIS-based multi-frame monocu-
lar depth estimation framework with a two-stage pipeline:
supervised pretraining on synthetic data and self-supervised
fine-tuning on real OIS image pairs.

• We build a real-world dataset of 1,100 indoor OIS image pairs
with ground-truth depth maps for accurate benchmarking.

• Our hybrid training strategy achieves an RMSE of 0.439, sur-
passing several fully supervised methods without requiring
ground-truth labels during fine-tuning.

• MODepth establishes a strong benchmark for high-precision
depth estimation under stationary camera settings enabled
by OIS-induced parallax.

2 Background and Related Work

2.1 Monocular Depth Estimation
Supervised Monocular Depth Estimation:With the advent of
deep learning, numerous supervised methods have been proposed to
improve estimation accuracy and generalization. Eigen et al.[Eigen
and Fergus 2015] introduced multi-scale networks to capture global-
to-local structures. Laina et al.[Laina et al. 2016] employed Fully
Convolutional Residual Networks (FCRNs) to refine prediction res-
olution. Subsequent works extended this line using dual-stream
architectures [Li et al. 2017], multi-scale feature fusion [Hu et al.
2019], and encoder-decoder frameworks [Fang et al. 2020]. To better
represent the continuous nature of depth, DORN [Fu et al. 2018]
proposed a Spacing-Increasing Discretization (SID) strategy, while
VNL [Yin et al. 2019] introduced virtual normal loss as geometric
supervision. More recently, AdaBins [Bhat et al. 2021] adaptively
discretized depth ranges, and DPT [Ranftl et al. 2021] utilized Vision
Transformers (ViTs) to enhance global context aggregation.

Self-supervisedMonocularDepthEstimation: Self-supervised
methods often optimize a photometric consistency loss between
adjacent frames, sometimes enhanced by masking or regularization
strategies. Godard et al.[Godard et al. 2019] proposed a minimum
reprojection loss and auto-masking to handle occlusions. Zhou et
al.[Zhou et al. 2019] introduced a sparse-to-dense optical flow net-
work to improve depth-flow consistency. Other works enhance
geometric reasoning through patch-level correspondence [Yu et al.
2020], two-view triangulation and optical flow matching [Zhao et al.
2020], or auto-rectification modules [Bian et al. 2021a].

Further refinements include depth factorization and residual pose
estimation [Ji et al. 2021], consistency constraints in planar and
linear structures [Jiang et al. 2021], and Manhattan-world assump-
tions such as coplanar and normal vector constraints [Li et al. 2021].
Some methods leverage classical structure-from-motion (SfM) pri-
ors [Zhao et al. 2023] to guide learning without ground truth.

2.2 OIS Control via Acoustic Injection
Optical Image Stabilization (OIS) is a common hardware module
integrated into modern smartphone and camera lenses to reduce
motion blur. As shown in Fig. 1(a), by physically shifting internal
lens elements to counteract camera shake, OIS provides stabilized
imaging without modifying the position of the image sensor. Tradi-
tionally, OIS is passively driven by internal gyroscopic feedback to
compensate for hand tremors in real time.
Recent research has revealed that the OIS mechanism can also

be actively controlled via external acoustic stimulation. Specifically,
studies such as OISSR and DoCam [Pan et al. 2022a,b] demonstrate
that injecting high-frequency sound signals can perturb the readings
of three-axis MEMS gyroscopes, which serve as the core sensors
driving OIS behavior. By emitting sine wave signals near the gy-
roscope’s resonance frequency—typically in the 18–30 kHz range,
which is inaudible to humans and considered biologically safe [Gao
et al. 2020]—the sensed angular velocity can be artificially manipu-
lated. As a result, the OIS actuator interprets these perturbed signals
as motion and correspondingly drives the lens to move in a stable
and repeatable pattern, while the CMOS image sensor and the device
body remain static.
This phenomenon enables a novel form of internal lens actua-

tion without mechanical intervention or external calibration, effec-
tively producing structured intra-camera motion. Such controlled
oscillation introduces predictable and repeatable parallax between
captured frames. Since only the lens group moves while the sensor
remains fixed, this method yields optical parallax akin to that gen-
erated by real stereo or ego-motion setups—yet with much simpler
hardware constraints. Our work leverages this principle to create
OIS-driven image pairs for depth estimation, forming a geometry-
consistent, scalable supervision signal in indoor environments.

3 System Design

3.1 SfOLM: Structure from OIS-controlled Lens Motion
In classical Structure-from-Motion (SfM) systems, depth supervision
is obtained from a set of temporally adjacent frames captured under
different camera poses. Given the camera intrinsic matrix K, the
known relative pose 𝑇𝑟→𝑡 = [R|t] between reference frame 𝐼𝑟 and
target frame 𝐼𝑡 , and the depth 𝑍𝑖 𝑗 at pixel p𝑟𝑖 𝑗 in the reference frame,
its corresponding pixel p𝑡𝑖 𝑗 in the target frame can be computed as:

p𝑡𝑖 𝑗 ∼ 𝐾𝑇𝑟→𝑡𝑍𝑖 𝑗𝐾
−1p𝑟𝑖 𝑗 (1)

Unlike conventional SfM methods that rely on large-scale camera
movements, SfOLM investigates whether the subtle motions in-
duced by internal lens shifts in optical image stabilization (OIS) can
serve as supervisory signals for monocular depth learning. Under
OIS control, where lens motion is internally actuated, the projection
geometry governed by camera intrinsics and extrinsics remains
valid. However, the relative transformations between frames are no
longer caused by global camera motion. Although the physical cam-
era remains stationary—i.e., [𝑅𝑟𝑒𝑎𝑙 |𝑡𝑟𝑒𝑎𝑙 ] = [I|®0], OIS introduces
micro-scale disturbances through slight displacements and rotations
of internal lens elements. These disturbances can be equivalently
modeled as a virtual camera motion with a small transformation
[𝑅𝑂𝐼𝑆 |𝑡𝑂𝐼𝑆 ]. Therefore, the final relative pose𝑇𝑟→𝑡 = [𝑅𝑂𝐼𝑆 |𝑡𝑂𝐼𝑆 ]. In
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Fig. 2. Principal Point Shift Trajectory under OIS-Controlled Motion.

addition, lens-only motion induced by OIS also leads to shifts in the
principal point, effectively altering the camera intrinsics. If the refer-

ence frame adopts the original intrinsic matrix 𝐾𝑟 =

𝑓𝑥 0 𝑐𝑥
0 𝑓𝑦 𝑐𝑦
0 0 1

 ,
then under the influence of OIS, the target frame is associated with

a perturbed intrinsic matrix 𝐾𝑡 =

𝑓𝑥 0 𝑐𝑥 + 𝛿𝑐𝑥
0 𝑓𝑦 𝑐𝑦 + 𝛿𝑐𝑦
0 0 1

 . Therefore,
under the structure from OIS-controlled lens motion (SFOLM), the
pixel reprojection relationship between frames becomes:

p𝑡𝑖 𝑗 ∼ 𝐾𝑡𝑇𝑟→𝑡𝑍𝑖 𝑗𝐾
−1
𝑟 p𝑟𝑖 𝑗 (2)

A view synthesis loss can be employed to supervise depth estimation
by enforcing photometric consistency between the reference frame
and the reprojected target frame:

L𝑣𝑠 = Ψ(𝐼𝑡 , 𝐼𝑟 ) (3)

𝐼𝑡 = 𝑝𝑟𝑜 𝑗 (𝐼𝑡 , 𝐾𝑟 , 𝑍𝑟 ,𝑇𝑟→𝑡 , 𝐾𝑡 ) (4)
where Ψ denotes the photometric reconstruction loss, formulated
as a weighted combination of pixel-wise 𝑙1 distance and structural
similarity (SSIM) [Wang et al. 2004], to jointly capture low-level
intensity differences and perceptual structural alignment:

Ψ(𝐼𝑡 , 𝐼𝑟 ) = (1 − 𝛼) | |𝐼𝑡 − 𝐼𝑡 | |1 +
𝛼

2 (1 − 𝑆𝑆𝐼𝑀 (𝐼𝑡 , 𝐼𝑡 )) (5)

where 𝛼 is a hyperparameter and defaults to 0.85. The function
𝑝𝑟𝑜 𝑗 (·) constructs a sampling grid based on the reference frame’s
camera intrinsics 𝐾𝑟 , the estimated depth map 𝑍𝑟 , the relative pose
transformation 𝑇𝑟→𝑡 , and the target frame’s intrinsics 𝐾𝑡 . This grid
is then used to perform differentiable resampling of the input im-
age. According to Eqs. 3 and 4, minimizing the view synthesis loss
requires not only accurate depth estimation, but also precise es-
timation of the camera intrinsics and the relative pose between
frames.

3.2 Intrinsic and Extrinsic Parameter Variability Under
SfOLM

In the working principle of optical image stabilization (OIS) [Car-
dani 2006], the lens is physically shifted within a limited range
to compensate for unintended hand tremors or device vibrations.
Due to mechanical constraints and design tolerances, the lens dis-
placement is inherently bounded—usually within ±0.5 to ±1 mm in
consumer-grade camera modules.
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Fig. 3. Analysis of Camera Pose Changes under OIS-Controlled Motion.

As described in Section 2.2, injecting a cosine acoustic signal
perturbs the IMU module and induces controlled, predictable lens
motion via the OIS actuator. Relative to the static reference frame,
this motion results in limited and stable perturbations to the cam-
era’s intrinsic and extrinsic parameters.

To empirically validate the range of intrinsic and extrinsic parame-
ter variations induced byOIS, we conducted a controlled preliminary
experiment using a smartphone camera and a standard checkerboard
calibration target. The physical distance 𝑑 between the camera and
the checkerboard was pre-measured and fixed throughout the exper-
iment. We first captured a reference image of the calibration board
with the camera held stationary, ensuring that no OIS actuation was
present. Next, we activated the smartphone’s internal speaker and
injected a sinusoidal acoustic signal, which coupled with the IMU
module and triggered periodic OIS lens motion. While this induced
regular micro-movements of the internal lens group, the camera
body remained physically static. During this period, we continu-
ously captured 1000 frames under OIS actuation, which served as
the target frames for our analysis.

For both the reference frame and each of the 1000 target frames,
we first detect the 2D corner positions of the calibration board
using a standard checkerboard detection algorithm. LetC𝑟𝑒 𝑓 andC𝑡 𝑗
denote the detected corner sets in the reference frame and the 𝑗-th
target frame, respectively, where each C = {𝑝𝑖 = (𝑥𝑖 , 𝑦𝑖 ) |𝑖 ∈ [1, 𝑁 ]}
contains 𝑁 ordered 2D image coordinates of checkerboard corners.
Given the detected 2D checkerboard corners C𝑟𝑒 𝑓 and C𝑡 𝑗 , and

the known depth 𝑑 at each corner location, we formulate an opti-
mization framework based on the proposed SfOLM formulation to
estimate the camera intrinsic matrix K𝑡 𝑗 and extrinsic pose [R𝑡 𝑗 |t𝑡 𝑗 ]
for each target frame:

𝑎𝑟𝑔𝑚𝑖𝑛
𝐾𝑡 𝑗 ,𝑇𝑟𝑒𝑓 →𝑡 𝑗

𝑁∑︁
𝑖=0

| |𝑝𝑖
𝑟𝑒 𝑓

− 𝜋 (𝐾𝑡 𝑗𝑇𝑟𝑒 𝑓→𝑡 𝑗𝑑𝐾
−1
𝑟𝑒 𝑓
𝑝𝑖𝑡 𝑗 ) | |

2
2 (6)

where 𝐾𝑡 𝑗 =


𝑓𝑥 0 𝑐𝑥 + 𝛿𝑐𝑥𝑡 𝑗
0 𝑓𝑦 𝑐𝑦 + 𝛿𝑐𝑦𝑡 𝑗
0 0 1

 , 𝐾𝑟𝑒 𝑓 =


𝑓𝑥 0 𝑐𝑥
0 𝑓𝑦 𝑐𝑦
0 0 1

 and

𝜋 (·) denotes the standard perspective projection: 𝜋 ( [𝑥,𝑦, 𝑧]𝑇 ) =

[𝑥/𝑧,𝑦/𝑧]𝑇 . Moreover, (𝑓𝑥 , 𝑓𝑦) denote the focal lengths, and (𝑐𝑥 , 𝑐𝑦)
the nominal principal point coordinates which can all be obtained
through standard camera calibration procedures using the checker-
board pattern. And the terms 𝛿𝑐𝑥𝑡 𝑗 and 𝛿𝑐

𝑦

𝑡 𝑗
represent deviations of

the principal point caused by dynamic lens shifts under OIS actua-
tion.

ACM Trans. Graph., Vol. 37, No. 4, Article 111. Publication date: August 2018.



343

344

345

346

347

348

349

350

351

352

353

354

355

356

357

358

359

360

361

362

363

364

365

366

367

368

369

370

371

372

373

374

375

376

377

378

379

380

381

382

383

384

385

386

387

388

389

390

391

392

393

394

395

396

397

398

399

111:4 • Anon.

400

401

402

403

404

405

406

407

408

409

410

411

412

413

414

415

416

417

418

419

420

421

422

423

424

425

426

427

428

429

430

431

432

433

434

435

436

437

438

439

440

441

442

443

444

445

446

447

448

449

450

451

452

453

454

455

456

Based on the physical constraints of OIS-controlled lens motion,
we impose prior bounds on both the intrinsic perturbations and
the extrinsic transformations during optimization. Given that the
Xiaomi Mi 11 Pro smartphone in our experiments features a primary
camera equipped with a CMOS sensor of size 1/1.12 inches and a
pixel pitch of 1.4𝜇𝑚, such lens displacements can result in principal
point shifts of up to 35–40 pixels. Accordingly, we constrain the
principal point deviations as follows:

𝛿𝑐𝑥𝑡 𝑗 , 𝛿𝑐
𝑦

𝑡 𝑗
∈ [−𝜖𝑝 , 𝜖𝑝 ],𝑤𝑖𝑡ℎ 𝜖𝑝 ≈ 40 𝑝𝑖𝑥𝑒𝑙𝑠 (7)

Similarly, considering the mechanical limits of the OIS actuator, we
constrain the rotational and translational components of the extrin-
sic transformation 𝑇𝑟𝑒 𝑓→𝑡 𝑗 = [R𝑡 𝑗 |t𝑡 𝑗 ] = [𝑅𝑡 𝑗𝑧 (𝜓 )𝑅𝑡 𝑗𝑦 (𝜃 )𝑅

𝑡 𝑗
𝑧 (𝜙) |t𝑡 𝑗 ]

(𝜓, 𝜃, 𝜙 are the rotation angles around 𝑍,𝑌, 𝑋 -axes) as follows:

−𝜖𝑟 ≤ 𝜓, 𝜃, 𝜙 ≤ 𝜖𝑟 𝑎𝑛𝑑 | |𝑡𝑡 𝑗 | | < 𝜖𝑡 , 𝑤𝑖𝑡ℎ 𝜖𝑟 ≈ 1◦, 𝜖𝑡 ≈ 2𝑐𝑚 (8)

These constraints serve as physically informed priors in our op-
timization framework, ensuring that the estimated intrinsic and
extrinsic parameters remain within the feasible operating range
dictated by the hardware characteristics of the Xiaomi Mi 11 Pro’s
OIS mechanism.
Subsequently, we obtain the optimized results as illustrated in

Fig. 2 and Fig. 3. It can be observed that the displacement of the
lens principal point exhibits a consistent and structured pattern.
Meanwhile, the relative pose matrices between target frames and
reference frame also demonstrate regularity and coherence, indicat-
ing that the lens motion is highly modelable.

To enable accurate depth estimation, we jointly optimize camera
intrinsics, relative poses, and depth predictions using view synthesis
loss. Benefiting from the inherently consistent scale of our camera
setup, the predicted depths align well with real-world metrics, elim-
inating the need for median scaling commonly used in SfM-based
methods [Godard et al. 2019; Yu et al. 2020; Zhao et al. 2023].

3.3 Depth Estimation Network
In this section, we present the proposed depth estimation network,
MODNet. The network takes as input a pair of RGB images: a refer-
ence frame captured with the lens in a static state, and a target frame
captured under lens motion induced by optical image stabilization
(OIS). The network outputs a dense depth map corresponding to the
reference frame, representing the scene geometry from the refer-
ence viewpoint. We construct our depth estimation network using
the Croco-based [Weinzaepfel et al. 2022, 2023] framework, which
is designed based on a ViT [Alexey 2020] (Vision Transformer) back-
bone. This framework consists of an encoder, a decoder, and an
output head.
Details of Encoder. We denote the shared-weight encoder as

E, which is based on a Vision Transformer (ViT)[Alexey 2020]. It
encodes both input images 𝐼 ∈ R3×𝐻×𝑊 into patch-level features
E(𝐼 ) ∈ R𝑁×𝐶𝑝 ( where𝑁 = 𝐻

16×
𝑊
16 and𝐶𝑝 is set to 1024). Notably, we

replace the standard sinusoidal positional embedding with Rotary
Positional Embedding (RoPE)[Su et al. 2023] to inject positional
information, which has shown improved performance in modeling
spatial relationships.

Details of Decoder. As illustrated in Figure 4, the attention mod-
ule in the decoder consists of three main components: multi-head

self-attention, multi-head cross-attention, and a multi-layer per-
ceptron (MLP). These components collaboratively enable effective
fusion of features from the two input frames.

Details of Depth estimation head module. As shown in Fig. 4,
our Head module takes the encoder output E(𝑃1) and the interme-
diate features (𝐷1, 𝐷2, 𝐷3) from selected attention-based blocks in
the decoder as inputs to generate the depth map for the reference
frame. These patch embedding features are first reconstructed into
image-like representations via a PRCNNmodule. Subsequently, they
are fused using an attention-based feature fusion block (AttentionFF,
as shown in Fig. 6). Finally, a lightweight head block produces the
final dense depth prediction. For more architectural details of the
depth estimation network, please refer to the Appendix.

3.4 Principal Point Offset Estimation Module
To explicitlymodel the principal point shifts induced byOIS-controlled
lens motion, we introduce a raft-based [Teed and Deng 2020] prin-
cipal point offset estimation Module that predicts the displacement
of the imaging center (𝛿𝑐𝑥𝑡 𝑗 , 𝛿𝑐

𝑦

𝑡 𝑗
) in the target frame 𝐼𝑡 𝑗 ∈ R3×𝐻×𝑊

relative to the reference frame 𝐼𝑟 ∈ R3×𝐻×𝑊 . The RAFT-based mod-
ule is first employed to predict the disparity of the target frame 𝐼𝑡 𝑗
relative to the reference frame 𝐼𝑟 . As shown in Fig. 7, a convolutional
encoder is used to extract dense features 𝐸 (𝐼 ) ∈ R𝐿× 𝐻

8 ×𝑊
8 from

the input image. It consists of six blocks: two at 1
2 , two at 1

4 , and
two at 1

8 resolution. This hierarchical structure captures both local
details and global context for downstream depth estimation. Then,
a comprehensive correlation volume for the pairs is generated to
assess the visual similarity:

C(𝐸 (𝐼𝑟 ), 𝐸 (𝐼𝑡 𝑗 )) ∈ R 𝐻
8 ×𝑊

8 × 𝐻
8 ×𝑊

8

𝐶ℎ𝑟 ,𝑤𝑟 ,ℎ𝑡 𝑗 ,𝑤𝑡 𝑗 =

𝐿∑︁
𝑙

𝐸 (𝐼𝑟 )𝑙,ℎ𝑟 ,𝑤𝑟 · 𝐸 (𝐼𝑡 𝑗 )𝑙,ℎ𝑡 𝑗 ,𝑤𝑡 𝑗 ,
(9)

Next, a correction module iteratively updates the initial disparity
di𝑖𝑛𝑖𝑡 (initialized as zero) into a refined disparity di𝑣𝑖𝑠 by integrating
visual features C(𝐸 (𝐼𝑟 ), 𝐸 (𝐼𝑡 𝑗 )) and 𝐸 (𝐼𝑟 ) respectively. To remove
invalid disparity values near image boundaries, a mask𝑀 is applied
to obtain the masked disparity d̂i𝑣𝑖𝑠 =𝑀 ⊙ di𝑣𝑖𝑠 . We then compute
the average disparity 𝑚𝑒𝑎𝑛(d̂i𝑣𝑖𝑠 ) ∈ R2 along the 𝑥 and 𝑦 axes.
Finally, this mean displacement is passed through a ResNet-style
MLP block to regress the predicted principal point offset (𝛿𝑐𝑥𝑡 𝑗 , 𝛿𝑐

𝑦

𝑡 𝑗
).

3.5 Pose Estimation Network
We employ a pose estimation network to estimate the camera pose
between two input frames. Similar to works [Fan et al. 2023; Guo
et al. 2018; Kuznietsov et al. 2017; Zhao et al. 2023], our PoseNet
is based on the widely-used U-Net architecture [Ronneberger et al.
2015], which consists of an encoder-decoder network with skip
connections. This structure allows the network to capture both
high-level semantic information and low-level details, essential for
accurately estimating the relative pose between images. We use
ResNet18 [He et al. 2016] as the encoder, which consists of 11 million
parameters and has been pre-trained on ImageNet [Deng et al. 2009].
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Fig. 4. Architecture of Our Depth Estimation NetworkMODNet.

3.6 Pre-training on simulated datasets
Weadopt the self-supervised pretraining strategy fromCroCo v2 [Wein-
zaepfel et al. 2023] to initialize our encoder and decoder. Using the
original CroCo head [Weinzaepfel et al. 2022], the model learns to
reconstruct the reference frame from partially masked inputs across
both views, encouraging spatial correspondence and 3D-aware fea-
ture learning without explicit depth supervision.
To effectively pretrain the network under micro-parallax condi-

tions, we construct a synthetic dataset by simulating OIS-induced
lens motion as virtual extrinsic perturbations. By matching focal
length and FOV to our Xiaomi 11 Pro setup, we generate stereo-like
image pairs with realistic parallax. The simulator also provides clean,
high-resolution ground-truth depth maps, offering high-quality su-
pervision unavailable from noisy real-world sensors.

Once the image pairs and corresponding depth maps are obtained,
the network is trained using a weighted combination of three loss
terms: 1) Mean Squared Error (MSE) Loss ensures overall depth
accuracy by minimizing pixel-wise squared differences:

L𝑚𝑠𝑒 =
1
𝑁

𝑁∑︁
𝑖=1

(𝑍𝑖 − 𝑍𝑖 )2 (10)

Where 𝑁 = 𝐻 ×𝑊 is the total number of pixels. 2) Edge-Aware
Smoothness Loss encourages spatial smoothness while preserving
edges, modulated by image gradients:

L𝑠𝑚𝑜𝑜𝑡ℎ =
∑︁
𝑖, 𝑗

(
��𝜕𝑥𝑍𝑖, 𝑗 �� 𝑒− |𝜕𝑥 𝐼𝑖,𝑗 | + ��𝜕𝑦𝑍𝑖, 𝑗 �� 𝑒− |𝜕𝑦 𝐼𝑖,𝑗 | ) (11)

where 𝜕𝑥 and 𝜕𝑦 represent horizontal and vertical gradients of the
predicted depth map. 3) Gradient Loss enforces consistency between
predicted and ground truth depth gradients to preserve structural
details:

L𝑔𝑟𝑎𝑑 =
∑︁
𝑖, 𝑗

��𝜕𝑥𝑍𝑖, 𝑗 − 𝜕𝑥𝑍𝑖, 𝑗 �� + ��𝜕𝑦𝑍𝑖, 𝑗 − 𝜕𝑦𝑍𝑖, 𝑗 �� (12)

The final training objective is:

L𝑡𝑜𝑡𝑎𝑙 = 𝜆1L𝑚𝑠𝑒 + 𝜆2L𝑠𝑚𝑜𝑜𝑡ℎ + 𝜆3L𝑔𝑟𝑎𝑑 (13)

Where 𝜆1, 𝜆2 and 𝜆3 are weighting factors that balance the influence
of each loss component and are set to 1, 0.1, 0.1 by default.

3.7 Self-Supervised training on real datasets
Given the practical challenges of collecting large-scale paired RGB-D
data in real-world settings, we leverage the fact that capturing RGB
image pairs with micro-parallax using OIS-controlled lens motion
is significantly more feasible. Using a single handheld smartphone,
we can efficiently record large volumes of OIS-induced image pairs
without requiring specialized hardware or depth sensors. Therefore,
we adopt a self-supervised training framework based on SfOLM to
fine-tune the pretrained model on real-world OIS RGB data. This
approach enables the model to adapt to real image distributions
while still benefiting from the 3D geometric priors learned during
synthetic pretraining.
Given a reference frame 𝐼𝑟 and a target frame 𝐼𝑡 𝑗 , our model

predicts dense depth maps 𝑍𝑟 and 𝑍𝑡 𝑗 for both images using the
depth estimation network. Simultaneously, the principal point offset
module estimates the target frame’s offset (𝛿𝑐𝑥𝑡 𝑗 , 𝛿𝑐

𝑦

𝑡 𝑗
) relative to the

reference frame, and a pose estimation network regresses the rela-
tive camera pose 𝑇𝑟→𝑡 𝑗 between the two frames. These outputs are
jointly optimized by minimizing a set of self-supervised losses as de-
scribed below. 1) Photometric Loss L𝑣𝑠 . As described in Sec. 3.1, we
implement the photometric reconstruction loss based on Eq. 3, 4, and
5, which model the inter-frame reprojection under OIS-controlled
motion and visibility constraints. 2) Geometry Consistency Loss
𝐿𝑔𝑐 . To further improve prediction accuracy, we impose a geometric
consistency constraint between the predicted depth maps of the
reference and target frames. Specifically, we require that the depth
predictions 𝑍𝑟 and 𝑍𝑡 𝑗 describe the same underlying 3D scene struc-
ture and minimize their mutual discrepancy. Using the inter-frame
projection relationship defined in Eq. 1, we first warp the target
frame’s depth map 𝑍𝑡 𝑗 into the reference view to obtain a recon-
structed depth 𝑍𝑡 𝑗 . The geometric consistency loss is then defined
as:

L𝑔𝑐 =
|𝑍𝑟 − 𝑍𝑡 𝑗 |
𝑍𝑟 + 𝑍𝑡 𝑗

(14)

3) Edge-Aware Smoothness Loss L𝑠𝑚𝑜𝑜𝑡ℎ . Consistent with the pre-
training stage, we also adopt the smoothness loss defined in Equa-
tion 11, which encourages spatial continuity in the predicted depth
while preserving edge details aligned with the RGB image structure.
4) Inverse Loss L𝑖𝑛 . While both the photometric loss and geometric
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consistency loss project the target frame onto the reference frame,
the inverse loss L𝑖𝑛 = 𝜇1L

′
𝑔𝑐 + 𝜇2L

′
𝑣𝑠 measures the discrepancy by

projecting the reference frame onto the target frame (𝜇1 and 𝜇2 are
hyper-parameters that balance the loss.). This bidirectional formu-
lation enhances consistency and regularizes the depth prediction
across both views. Thus, the overall objective of our self-supervised
training framework is as follows:

L𝑎𝑙𝑙 = 𝜃1L𝑣𝑠 + 𝜃2L𝑔𝑐 + 𝜃3L𝑠𝑚𝑜𝑜𝑡ℎ + 𝜃4L𝑖𝑛 (15)
Where 𝜃1,𝜃2, 𝜃3, and 𝜃4 are weighting factors that balance the

influence of each loss component.

4 Evalution

4.1 Implementation Details
We use a Xiaomi 11 Pro smartphone camera to capture RGB images,
while injecting an acoustic signal at approximately 20,150 Hz to
induce regular lens motion via its OIS module. To obtain ground-
truth depth, we additionally employ a Kinect v3 depth sensor to
record aligned RGB-D data. Moreover, we implement our network
using the PyTorch [Paszke et al. 2019] framework and train it using
the AdamW [Loshchilov and Hutter 2017] optimizer for efficient
and stable optimization. And our model is trained on an NVIDIA
A800 GPU with 80GB memory. Additionally, we set the input image
and output disparity map size of the depth estimation network to
480 × 352.

4.2 Datasets and Metrics
Simulated Datasets.We construct a large-scale synthetic dataset
using the Habitat simulator [Savva et al. 2019], rendering RGB and
depth image pairs at 720p resolution. A total of 81,600 image pairs
are collected from 816 diverse indoor scenes drawn from HM3D [Ra-
makrishnan et al. 2021], ScanNet [Dai et al. 2017], Replica [Straub
et al. 2019], and ReplicaCAD [Szot et al. 2021]. Each pair consists of
a reference frame and a target frame with aligned RGB and depth
information. For each scene, 100 pairs are randomly sampled to en-
sure diversity. The resulting dataset is split into training, validation,
and test sets in an 8:1:1 ratio for use in the pretraining stage.

Real-world Datasets. To construct our dataset, we use a Kinect
v3 depth sensor to capture high-quality RGB-D image pairs with
accurate depth ground truth. Specifically, as shown in Fig. 5, we
mount a Xiaomi 11 Pro smartphone and the Kinect v3 on a custom
rig with a fixed relative pose. We then perform extrinsic calibration
between the two devices, allowing the depth maps obtained from the

Kinect to be projected onto the RGB frame of the smartphone. For
each sample, we first record a reference frame using the smartphone
while the OIS module remains inactive, alongside the corresponding
RGB-D pair from the Kinect v3. The projected depth map onto the
reference frame serves as the ground truth. We then activate the
built-in speaker to emit a cosine signal at approximately 20,150
Hz, which triggers periodic lens motion via the OIS module, and
capture a target frame during this induced motion. This completes
one RGB image pair with motion-induced parallax and its associated
depth supervision. In total, we collect 1,100 such samples across
diverse real-world indoor scenes for evaluating depth estimation
performance.
Metrics. Following [Fan et al. 2023; Wu et al. 2022; Zhao et al.

2023], we use standard metrics, including error-based metrics: Mean
Absolute Relative Error (Abs Rel), Mean Log10 Error (Log10), and
Root Mean Squared Error (RMSE). For accuracy-based metrics, we
compute the percentage of pixels 𝑚𝑎𝑥 ( 𝑍𝑝

𝑍𝑔
,
𝑍𝑔

𝑍𝑝
) = 𝛿 < 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 ,

where 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 ∈ [1.251, 1.252, 1.253] and where 𝑍𝑝 and 𝑍𝑔 repre-
sent the predicted and ground truth depth map.

4.3 Ablation Studies

Methods
Error Metric ↓ Accuracy Metric (%) ↑

Abs Rel ↓ Log10 ↓ RMSE ↓ 𝛿1 ↑ 𝛿2 ↑ 𝛿3 ↑
case (a) 0.247 0.102 0.788 61.1 84.2 93.5
case (b) 0.232 0.098 0.784 59.8 87.1 95.9
case (c) 0.224 0.094 0.721 64.5 88.4 96.5
case (d) 0.215 0.085 0.640 68.5 88.7 96.3
case (e) 0.183 0.068 0.523 77.4 92,8 97.9
case (f) 0.178 0.069 0.458 76.3 93.3 98.1
case (g) 0.165 0.065 0.439 79.4 93.2 98.5

Table 1. Ablation Studies of MODepth onMODdata.

To assess the contributions of different components inMODepth,
we conduct an ablation study across nine configurations (a–g), focus-
ing on supervised pretraining, self-supervised fine-tuning, and the
impact of individual loss terms. Cases (a–c) examine models trained
without simulated data pretraining, progressively incorporating
photometric loss L𝑣𝑠 and smoothness regularization (a), geometric
consistency loss L𝑔𝑐 (b), and inverse projection loss L𝑖𝑛(c). Case
(d) evaluates the effect of supervised pretraining alone. Cases (e–g)
investigate models that are first pretrained on simulated OIS-style
data and then fine-tuned using self-supervised objectives: (e) using
L𝑣𝑠 and L𝑠𝑚𝑜𝑜𝑡ℎ , (f) adding geometric consistency loss L𝑔𝑐 , and
(g) further incorporating inverse loss L𝑖𝑛 , which corresponds to
our final model. This study demonstrates that combining synthetic
pretraining with comprehensive bidirectional self-supervision sig-
nificantly enhances depth prediction performance in indoor scenes.

As shown in Tab. 1, our ablation study reveals several key insights.
First, comparing cases (a) to (c), we observe that progressively adding
geometric consistency loss and reverse loss improves both accuracy
and error metrics, with the reverse projection loss in (c) reducing
Abs Rel from 0.247 to 0.224 and increasing 𝛿1 from 61.1% to 64.5%,
highlighting its complementary effect in enforcing bidirectional
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Methods
Error Metric ↓ Accuracy Metric (%) ↑

Abs Rel ↓ Log10 ↓ RMSE ↓ 𝛿1 ↑ 𝛿2 ↑ 𝛿3 ↑
AdaBins [Bhat et al. 2021] 0.216 0.096 0.704 61.9 87.5 96.5
DPT [Ranftl et al. 2021] 0.175 0.074 0.516 75.3 93.7 96.8
idisc [Piccinelli et al. 2023] 0.151 0.065 0.479 76.8 95.6 98.9
MODepth(Ours) 0.165 0.065 0.439 79.4 93.2 98.5

Table 2. Quantitative comparison of ourMODepth to other SOTA super-
vised monocular depth estimation methods onMODdata.

consistency. Case (d), which only uses supervised pretraining with-
out self-supervised fine-tuning, achieves better performance than
(a–c), demonstrating the importance of strong inductive priors from
synthetic data. However, the best results are obtained in cases (e–g),
where self-supervised fine-tuning is applied on top of supervised
pretraining. Notably, case (g), which integrates photometric, geo-
metric, and reverse losses, achieves the lowest error (Abs Rel = 0.165)
and the highest accuracy (𝛿1 = 79.4%), confirming the efficacy of our
full pipeline. This progression demonstrates that the combination of
synthetic pretraining and comprehensive self-supervised objectives
is crucial for high-quality indoor depth estimation.

4.4 Comprehensive Comparison
We compare MODepth with several state-of-the-art supervised
monocular depth estimation models, including AdaBins [Bhat et al.
2021], DPT [Ranftl et al. 2021], and idisc [Piccinelli et al. 2023]. To
ensure fairness, all baseline models are fine-tuned on our OIS-based
dataset using their official pre-trained weights and default settings.
As shown in Tab. 2 and Fig. 8,MODepth achieves highly competi-
tive performance. It reports the lowest RMSE (0.439) and the highest
𝛿1 accuracy (79.4%), demonstrating its superiority in estimating
geometrically consistent and high-precision depth, particularly in
near-range indoor scenes. While iDisc achieves slightly better Abs
Rel (0.151 vs. 0.165), our method performs better in key accuracy
metrics and produces more stable overall results. Remarkably,MOD-
epth achieves these results without relying on any ground-truth
depth supervision during fine-tuning. Instead, it benefits from a
hybrid training strategy that combines synthetic-data-based super-
vised pretraining with self-supervised fine-tuning on OIS-induced
image pairs. This shows that our approach not only matches but in
some cases outperforms fully supervised methods, highlighting the
effectiveness of hardware-induced parallax as a natural and scalable
supervisory signal for depth estimation in indoor environments.

4.5 Impact of Self-Supervision Framework
We evaluate the impact of our self-supervised framework on the
final depth estimation accuracy by comparing it with alternative
self-supervision strategies. To ensure fairness, all methods are pre-
trained on the same synthetic dataset using supervised learning,
followed by fine-tuning on real-world OIS RGB data using their re-
spective self-supervised pipelines. As shown in Tab. 3, methods such
as MonoDepth [Godard et al. 2019], IndoorDepth [Fan et al. 2023],
and GASMono [Zhao et al. 2023]—which are primarily designed
around structure-from-motion (SfM)-based modeling—achieve sig-
nificantly inferior results under our OIS-based setting. These ap-
proaches typically assume large ego-motion or stereo baselines,
which are not present in our micro-parallax data. In contrast, our

Methods
Error Metric ↓ Accuracy Metric (%) ↑

Abs Rel ↓ Log10 ↓ RMSE ↓ 𝛿1 ↑ 𝛿2 ↑ 𝛿3 ↑
MonoDepth [Godard et al. 2019] 0.609 0.193 1.611 14.1 60.1 84.7
IndoorDepth [Fan et al. 2023] 0.869 0.247 2.404 22.6 46.2 66.1
Gasmono [Zhao et al. 2023] 1.086 0.286 2.233 14.8 32.6 54.1
MODepth(Ours) 0.165 0.065 0.439 79.4 93.2 98.5

Table 3. Evaluation on MODdata of different self-supervised monocular
depth estimation methods.

Methods
Error Metric ↓ Accuracy Metric (%) ↑

Abs Rel ↓ Log10 ↓ RMSE ↓ 𝛿1 ↑ 𝛿2 ↑ 𝛿3 ↑
RAFT-stereo [Lipson et al. 2021] 1.004 0.213 1.777 42.6 65.5 77.8
LEAStereo [Cheng et al. 2020] 0.967 0.279 2.461 3.24 16.7 61.8
MODepth(Ours) 0.165 0.065 0.439 79.4 93.2 98.5

Table 4. Performance Comparison with Stereo Matching Methods on OIS
Image Pairs

method leverages the SfOLM framework tailored to OIS-induced
image pairs and achieves substantially better performance across all
metrics, including a notably low RMSE of 0.439 and high 𝛿1 accuracy
of 79.4%. These results demonstrate the importance of designing
self-supervision objectives aligned with the physical characteristics
of the data, and validate the effectiveness of our geometry-aware
training framework in micro-parallax scenarios.

4.6 Evaluation of Using Stereo Algorithms
We further evaluate the applicability of existing stereo matching al-
gorithms on our dataset, using RAFT-Stereo [Lipson et al. 2021] and
LEAStereo [Cheng et al. 2020] as representative baselines. As shown
in Tab. 4, both models are applied to our OIS-induced image pairs
without modification. Due to the absence of known baseline dis-
tances between the reference and target frames, we cannot directly
convert disparity to metric depth. Instead, we adopt the median
scaling strategy: disparity is inverted to approximate depth and
then scaled by the median ratio for evaluation. The results demon-
strate a significant performance gap between stereo methods and
our approach. This is primarily because lens-induced motion in OIS
not only alters the camera’s relative pose but also introduces small
but non-negligible changes to the intrinsic parameters—particularly
principal point shifts. These deviations violate the assumptions of
stereo algorithms, which typically rely on fixed intrinsics and recti-
fied epipolar geometry. As a result, existing stereo methods struggle
to produce reliable depth estimates in our setting, confirming that
they are not well-suited for OIS-induced micro-parallax data.

5 Conclusion
We presentMODepth, a monocular depth estimation framework
that leverages OIS-controlled lens motion via acoustic injection
to enable stable inter-frame parallax. By incorporating pose and
principal point offset estimation, our network MODNet effectively
utilizes multi-frame geometric cues. Evaluated on the MODdata
dataset, our method outperforms existing monocular approaches
and even fully supervised baselines, achieving an RMSE of 0.439,
demonstrating the strength of OIS-driven self-supervision.
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