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Abstract

Recent monocular metric depth estimation (MMDE) methods have made no-
table progress towards zero-shot generalization. However, they still exhibit a
significant performance drop on out-of-distribution datasets. We address this
limitation by injecting defocus blur cues at inference time into Marigold, a pre-
trained diffusion model for zero-shot, scale-invariant monocular depth estimation
(MDE). Our method effectively turns Marigold into a metric depth predictor in a
training-free manner. To incorporate defocus cues, we capture two images with
a small and a large aperture from the same viewpoint. To recover metric depth,
we then optimize the metric depth scaling parameters and the noise latents of
Marigold at inference time using gradients from a loss function based on the
defocus-blur image formation model. We compare our method against existing
state-of-the-art zero-shot MMDE methods on a self-collected real dataset, showing
quantitative and qualitative improvements. Our implementation is available at
https://github.com/chinmay0301ucsd/DiffusionCam.

1 Introduction

Estimating metric depth from a single camera viewpoint is a central problem in computer vision with
numerous downstream applications, including 3D reconstruction [24], autonomous driving [50], and
endoscopy [31]. This task, known as monocular metric depth estimation (MMDE), is fundamentally
ill-posed due to inherent depth-scale ambiguity [46]. Multi-view methods [65] avoid this ambiguity
but are often expensive and impractical in settings like endoscopy or microscopy. Training data-driven
MMDE methods is challenging, as it requires accounting for a diverse set of camera parameters and
metric depth scales. As a result, existing MMDE models struggle in zero-shot settings, i.e., they
generalize poorly to unseen datasets. Recent advances in zero-shot MMDE [75] have demonstrated
improved generalization, but there is still a considerable performance drop on unseen datasets.

In contrast to MMDE, monocular relative depth estimation (MDE) methods recover a relative depth
map, factoring out the physical depth scale. This enables using large-scale datasets with diverse
depth ranges [41] for training data-driven MDE methods. As a result, MDE methods achieve better
zero-shot generalization at significantly lower training cost than MMDE methods, as shown by recent
results [70, 71, 26]. However, despite favorable performance on benchmarks, the absence of metric
scale in MDE outputs precludes their applicability in downstream tasks requiring absolute depth.

Existing data-driven MMDE methods commonly suffer from two failure modes: undesirable coupling
between image texture and depth predictions (fig. 3), and inaccurate estimation of the scene’s physical
scale (see fig. 4). The first issue of texture coupling also affects MDE methods (see fig. 3) unless
explicitly mitigated through complex training procedures that account for texture variation [22, 55].
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Figure 1: Method overview. We capture two images (same viewpoint) from a camera with focal
length f and focused at a distance F : an all-in-focus (AIF) image x (F-stop: N = 22) and a blurred
image xb (F-stop: N < 22). Using the AIF x and an initial learnable noise vector z

(d)
T , Marigold

predicts the relative depth d. We then affine transform d with learnable parameters (�; �), obtaining
the metric depth dm. Given the AIF x, depth dm, and camera parameters (f; F;N ), we synthesize
a blurred image x̂b using the defocus blur forward model. To update the learnable parameters, we
compute their gradients w.r.t the L2 loss between x̂b and xb.

We demonstrate that incorporating camera physics, particularly defocus blur, with a data-driven MDE
model at inference time can effectively address both failure modes without any re-training. We use
Marigold [26], a diffusion-based MDE model, as it enables backpropagation-based inference time
optimization using defocus cues, while staying on its learned manifold of plausible depth maps. To
provide these defocus blur cues, we capture two images from a single viewpoint: a small-aperture
all-in-focus (AIF) image, which is given as input to Marigold, and a large-aperture image that provides
physical cues for metric depth. Our approach requires only a variable aperture camera, such as a
DSLR, and knowledge of the lens focal length, focus distance, and F-stop, which are readily available
from image metadata; this avoids the need for extrinsic calibration required by multiview setups.

Defocus blur is known to provide coarse metric depth cues in monocular settings [33, 59, 69], but
has rarely been explored alongside recent data-driven advances in MMDE. We show in our work
that revisiting this classical cue and integrating it with modern relative depth methods like Marigold
improves metric depth estimation performance, without any retraining. While most depth from
defocus methods use multiple measurements [21, 30, 63], we require only two. Prior work has
also explored other hardware novelties to encode depth cues, such as dual pixel cameras [19, 68]
and coded apertures [28]. However, these depth cues are coarse, and training MMDE models for
these systems is limited by the lack of datasets captured with a sufficient camera parameter diversity.
This motivates the need for an approach that combines strong data-driven pre-trained MDE/MMDE
models trained on existing RGB datasets with physics-based cues from non-pinhole cameras.

To this end, our contributions are as follows: We formulate MMDE as an inverse problem under the
defocus blur image formation model. Using inference-time optimization, we recover the metric depth
scale and correct for texture-depth coupling – without retraining Marigold. We devise a hardware
setup consisting of a rigidly coupled DSLR (RGB camera) and an Intel RealSense depth camera to
capture RGB images and the ground truth metric depth. We collect a dataset of 7 diverse real-world
indoor scenes, captured at different defocus blur levels. We compare our method on this dataset with
current MMDE methods and demonstrate quantitative improvements on real data.

2 Related Work

Zero-shot depth models Recent approaches for Monocular (relative) Depth Estimation (MDE)
and Monocular Metric Depth Estimation (MMDE) can be classified as discriminative or generative.
Discriminative approaches largely rely on vision transformer-based architectures [7, 5, 6, 74, 39]
trained on large-scale datasets. Transformer-based methods have been more successful for MDE
[70, 71] compared to MMDE accuracy-wise, as MMDE is a more ill-posed task than MDE. These
approaches have very low inference times, but for MMDE, the performance degrades on out-of-
distribution test scenes2. Most of these methods are purely data-driven and ignore depth-based
visual effects in images such as defocus cues. It is also difficult to incorporate physics-based depth
refinement in these methods at test time without any re-training [73]. Since we use a generative MDE,
our approach can incorporate physical cues at test time in a training-free manner.

2Refer to [75] for a detailed survey on MMDE methods.
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Current state-of-the-artgenerativeMDE/MMDE methods [47, 13] are predominantly diffusion-based.
Several previous methods [13, 47, 32] incorporate diffusion-based depth denoising in their pipelines,
achieving highly detailed depth maps – but are not zero-shot. [48] achieves zero-shot MMDE with a
diffusion-based approach by incorporating diverse �eld of view (FOV) augmentations in training, but
it is not open source and lags behind transformer-based methods in performance. Marigold [26] is
trained by �ne-tuning Stable Diffusion-v2 on synthetic depth data. It achieves high-quality zero-shot
MDE and supports test time re�nement, but is not applicable natively for MMDE. Our approach
uses defocus cues to re�ne the relative depth predictions from Marigold (or similar methods [16]),
enabling its application to MMDE. Prior work [60] also proposes a similar strategy for dense MMDE
from a sparse metric depth map using Marigold and test time optimization. In contrast, our method
does not require a sparse depth map as input, and solely relies on RGB images and a priori known
scene bounds. Using defocus blur cues, our method resolves inaccuracies in monocular depth while
also estimating the global scaling parameters for metric depth.

Diffusion model priors for inverse problems We frame MMDE as an inverse problem under the
defocus blur image formation model. This framing closely relates to the recent work on solving linear
inverse problems usingpre-traineddiffusion models [12]. [9, 11, 54, 10] incorporate the forward
model constraints while sampling pixel-space diffusion models pre-trained on smaller datasets. As
a result, these methods require many steps while sampling the diffusion model and have limited
generalizability as priors. [53, 44] use latent variable diffusion models (LDMs) as priors, resulting
in better in-the-wild generalizability. We use Marigold as the LDM, but instead of incorporating
the defocus forward model during sampling, we optimize the latent noise vector based on the error
between the observed and predicted image using the forward model. Our approach is inspired by
recent methods [37, 36, 77, 61, 17] which uses noise optimization in conjunction with a differentiable
auxiliary guidance loss to improve the sampling quality of the diffusion model based on text input.
While these methods use trained models as differentiable proxies for guidance, we use a physics-based
imaging forward model. [34] also uses a physics-based forward model with a diffusion prior, but
requires re-training the diffusion prior from scratch.

Depth estimation from passive camera physics cuesA substantial body of research on MMDE
leverages camera physics, including methods like depth-from-defocus (DfD), -[64, 20, 58, 2],
phase/aperture masks [28, 78, 76, 3, 67], and dual pixel sensors [18, 68, 1]. Classical approaches
produce very coarse depth maps. Most DfD methods need a well-aligned [66] multi-image focal stack
[29, 57], to achieve good depth quality. Optical mask-based methods pose a harder inverse problem
of jointly estimating both AIF and the depth map. We capture only 2 images at the same focus
distance and different apertures, requiring no image alignment and AIF estimation. This simpli�es
depth re�nement with minimal added capture time. Previous work has also used variable apertures
for classical [15] and learning-based [56] depth estimation methods, but it is not zero-shot. While
learning-based approaches [19, 8, 66, 18] help improve the depth map quality for these methods, they
don't generalize well to out-of-distribution scenes. Dual pixel-based methods are popular for phone
cameras, [18, 38], but are tied to the speci�c camera architecture. While we show results with a
standard DSLR sensor, our approach can be adapted to dual-pixel-style camera architectures as well.

3 Preliminaries

Diffusion-based monocular depth estimation Our approach is built on top of Marigold [26],
which is a monocular depth estimator trained by �ne-tuning the denoising U-Net of StableDiffusion-
v2 (SDv2) [43] on synthetic depth data. Marigold allows sampling the conditional distribution of the
monocular depth given an input image,p(d0jx ). In particular, Marigold attempts to generate clean
monocular depth maps,d0 given a clean input imagex by �rst samplingdT � N (0; I ) from an i.i.d
Gaussian distribution, and then iteratively denoising it (where each intermediate step is denoted by
d t ) according to a �xed noise schedule with parameters� t ; � t . As SDv2 is alatent-diffusion model,
the entire generative process happens on encoded latent depth mapsz(d )

0 with latent imagesz(x ) as
conditioning. Training Marigold3 (which we denote aŝx � (�)) involves using the standard denoising
loss common in image diffusion works, but on depth maps rather than images, and passes the image

3While technically SDv2 is trained in� -prediction mode rather thanx-prediction, we usex-prediction given
their mathematical equivalence and alignment with Marigold-LCM, which usesx-prediction.
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Figure 2:Comparing simulated PSFs with the PSF captured from our camera setup.(a) A point
source placedd distance away from a thin lens focused at a focus distanceF produces a blurred
image (PSF) with a diameterc, also known as the circle of confusion. The variation ofc with source
distanced is shown in the plot. (b) The Disc approximation to the camera PSF lies roughly within the
same bounds (dotted red circle) as the PSF captured from the RGB camera (Real GT) in (c). The
Gaussian PSF signi�cantly exceeds the bounds. Slight differences between the real and Disc PSF
stem from the octagonal aperture and diffraction ignored in our model. (c) We rigidly mount an Intel
RealSense on a DSLR to capture ground truth depth, and calibrate both cameras to align predicted
depth from the RGB image with the ground truth depth for evaluation.

input into the model as well through channel-wise concatenation:

Ez ( d )
0 ;z ( x ) �D ;t � p( t ) ;� �N (0 ;I ) [w(t)kz(d )

0 � x̂ � (� t z
(d )
0 + � t �; z(x ) ; t)k2

2]; (1)

wherew(t) is a time-dependent weighting function. At inference time,x is �rst mapped to a lower
dimensional latent vectorz(x ) = E(x) through VAE encoderE in SDv2. The inference process starts
with sampling a noisy latent depth vectorz(d )

T � N (0; I ), which is iteratively re�ned by applying the
denoiser̂x � (z(d )

t ; z(x ) ; t) to obtainz(d )
0 overT sampling steps.z(d )

0 is then decoded through the SD
decoderD to produce the output depth mapd = D(z(d )

0 ). Marigold assumes bothz(x ) ; z(d ) 2 RM .
For faster inference, we use the latent consistency model version of Marigold, Marigold-LCM, and
obtainz(d )

0 with a single inference step fromz(d )
T . Monocular depthd can be mapped to metric depth

dm by an af�ne transform; more details in section 4.

Modeling defocus cues Under the thin lens camera assumption, defocus blur manifests as a uniform
blur kernel, with a depth-dependent diameter. The blur kernel diameter for a point source placed at a
distanced away from the camera is determined by the circle of confusion (CoC) [40] equation

c(d) =
f 2

N
jd � F j

d(F � f )s
; (2)

where the focal lengthf , focus distanceF , and F-stopN are camera parameters that are known
from the image EXIF data.s denotes the pixel size in physical units (m). The CoC de�nes a
depth-dependent point spread function (PSF)h(i; j j u; v; d) that predicts the response at pixel
coordinate(i; j ) from a point source at lateral coordinate(u; v) and depthd under defocus blur.
Note that(u; v) can represent depth-normalized pixel coordinates under an ideal pinhole projection,
allowing us to writed = dm[u; v] (valid for general non-volumetric scenes that assume a single
depth value per coordinate). We assume that the PSF is shift-invariant for a given depthd, i.e.
h(i; j j u; v; d) = h(i � u; j � v j 0; 0; dm[u; v]) = h(i � u; j � v j dm[u; v]), which is simply the
on-axis PSF, modeled as a disc (assuming circular aperture) with radius given by CoC equations,
translated to be centered at(i; j ). To ensure smooth optimization, we include a linear fall-off at the
boundary of the discontinuous disc kernel, similar to [62]. The PSF can then be expressed as

h(i; j j u; v; d) =
cW (i; j j u; v; d)

P
i;j

cW (i; j j u; v; d)
; where (3)

cW (i; j j u; v; d) =

8
><

>:

1; m � c(d) � 1
2

c(d)+1
2 � m; c(d) � 1

2 < m � c(d)+1
2

0; c(d)+1
2 > m

; (4)

m =
p

(i � u)2 + ( j � v)2: (5)
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We assume the PSF to be normalized and explicitly account for exposure and energy balancing during
image capture and processing (see section 4). While the above PSF can also be approximated as an
isotropic 2D Gaussian [20], we opt for the disc parameterization in eq. (5) similar to [62, 51], as it
better approximates the PSF of the real camera compared to the Gaussian approximation in [20], as
shown in �g. 2. We can see from eq. (2) that an image captured with a very small aperture (highN )
would have negligible defocus blur due to very small CoC values. Such an image is referred to as the
all-in-focus (AIF) image,x. Given the AIFx, the blurred imagexb can be approximated (neglecting
occlusion) as a spatially varying convolution betweenh andx,

xb(i; j ) =
ZZ

x(u; v) � h(i � u; j � v; dm[u; v])dudv (6)

For simplicity, we denote the above image formation forward model as

xb = g(x; dm; f; F; N ): (7)

The AIF imagex, captured at a high F-stop, serves as the blur-free input for both Marigold and the
camera blur model eq. (7), while the low F-stop imagexb provides defocus cues for MMDE.

Inference-time optimization Without loss of generality, any generative model (GAN, Diffusion or
�ow-based)� : RM ! RN can be construed as a mechanism to map a simple probability distribution,
such as an i.i.d. Gaussian distribution," � N (0; I ) 2 RM to a non-linearN -dimensional manifold,
such as images or audio, through a differentiable generative processx = � (" ). Inference time
optimization [37] refers to manipulating the generation process by updating theinitial noise" based
on gradients from a differentiable loss functionL (x) on the generated samplex,

� ! � � r � L (x): (8)

To further ensure that� still lies close to the Gaussian manifold after the gradient updates," can be
rescaled to have a L2 norm of

p
M as in [45], which is a valid approximation for samples drawn

from a high dimensional Gaussian distribution as per the Gaussian annulus theorem [4]. This holds
for most generative models, as the initial noise vectors are typically high-dimensional(M > 50). In
our case," corresponds to the noise latentz(d )

T in Marigold, which we optimize using a loss function
(eq. (11)) governed by the defocus blur forward model eq. (7).

4 Method

We capture two images per scene:x, with F-stop (Naif = 22) and exposure timetaif, serves as the
blur-free all-in-focus (AIF) image. A second image,xb, is captured at a lower F-stop (Nb = 8 ) with
exposure timetb, thereby providing strong depth-varying defocus cues. The forward model in eq. (7)
assumes radiometrically linear images (no gamma correction or non-linear processing) and energy
constancy between the AIF and blurred images. We use raw images to satisfy these assumptions.
Since total captured energy scales with exposure time (t) and aperture area (/ (f=N )2) [25], we

scalexb by the factort aif
t b

� N 2
b

N 2
aif

to match the energy inx. Note that we vary the exposure time to
ensure well-exposed measurements across F-stop settings, while �xing the camera gain.

We frame metric depth estimation as an inverse problem, with the defocus blur image formation
process in eq. (6) as the forward model, and Marigold as the monocular depth prior. To obtain
scale-invariant monocular depthd 2 [0; 1], we use Marigold-LCM, which takes in as input the AIF
x (encoded toz(x ) ), and a learnable depth latent vectorz(d )

T � N (0; I ). A single inference step

of Marigold-LCM gives us the denoised depth latentz(d )
0 = x̂ �

�
z(d )

T ; z(x ) ; 1
�

, which is decoded

to monocular depthd = D(z(d )
0 ). The predicted monocular depthd 2 [0; 1] is then mapped to

metric depth by af�ne transformingd with a learnable metric scale (� ) and offset (� ) per scene,
dm = � � d + � . To ensure that�; � remain bounded and differentiable, we parameterize them as
� = smax � � (a) and� = smin � � (b), where� (�) is the sigmoid function;a; b are unconstrained
learnable parameters initialized to 0, andsmax andsmin are the upper and lower scene depth bounds,
respectively, which we assume are known a priori (valid for indoor scenes). To summarize, the metric
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Figure 3:Correcting texture-depth coupling. We assess MMDE performance on textured fronto-
parallel 2D planes with constant ground truth depths (GT). Using an all-in-focus (a) and blurred
image (zoom into insets) (b), our method (RMSE: 0.01) recovers the correct depth maps (c) for the
two textured planes. We resolve the texture coupling in the Marigold prediction (Ours Init) and
recover the correct metric scale. Competing methods (RMSE: 0.2-0.5) fail to predict both the constant
relative depth map (except MLPro and Metric3D in row 1) and the correct scale.

depth (dm) can be expressed using the optimizable parametersa; b;z(d )
T as:

dm = smax � � (a) � D
�

x̂ �

�
z(d )

T ; z(x ) ; 1
��

+ smin � � (b)

:= y
�

a; b;z(d )
T

�
: (9)

The optimized metric depthbdm can then be recovered by solving:

bdm = arg min
d m= y

�
a;b; z ( d )

T

� jj xb � g(x ; dm; f; F; N )jj2
2 (10)

subject to





 z(d )

T








2
=

p
M; (11)

whereg(�) denotes the defocus blur forward model (eq.(7)), xb andx are the captured blurred
and AIF images, respectively. By optimizing the learnable parametersa; b;z(d )

T , we incorporate
defocus blur cues for both correct metric scale recovery (a; b) and re�ning the initial depth estimate
by Marigold (z(d )

T ). See �g. 1 for the overview of our method.

Motivating Synthetic Toy Examples We demonstrate that our approach resolves texture-depth
coupling, accurately recovering metric depth in a synthetic scene with a textured plane at constant
depth. While such a plane may seem simple, distinguishing it from a �at 2D image/poster or an
actual 3D scene is challenging when viewed from a single viewpoint. Data-driven methods are biased
towards predicting depths that re�ect surface variations even in the absence of true depth changes, i.e.,
their outputs are stronglytexture coupled. However, supplementing the AIF image with a simulated
blurred image provides defocus cues that help our method disambiguate a �at poster from a 3D
scene, as demonstrated in �g. 3 using toy examples of textured planes with constant depth. While
learning-based methods and initial Marigold outputs suffer from texture coupling and scale errors,
our method corrects both, producing accurate, constant-depth maps that outperform all baselines.

Accelerating inference We use the distilled latent consistency model version of Marigold
(Marigold-LCM) to reduce the number of sampling steps signi�cantly. We observe that a sin-
gle sampling step suf�ces for our case, which signi�cantly speeds up inference-time optimization
[36, 14] relative to the normal 20-50 inference steps [37, 61] that Marigold [60] uses. We show an
ablation study with more sampling steps in supplement.E. We also implement custom CUDA kernels
for the Disc-PSF forward model. This provides a 2.5x speed up over the PyTorch implementation pro-
vided by [62] while being more memory ef�cient, allowing our method to scale to higher-resolution
images. Using a single sampling step of Marigold-LCM allows us to compute gradients w.r.tz(d )

T
without gradient checkpointing as previously done in [37].

Optimization details We run the optimization for 200 iterations, which takes roughly 3.5-4 minutes
on an NVIDIA A-40 GPU with peak memory usage of 15 GB. We use the Adam optimizer with a
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Figure 4: Comparisons on our collected dataset.Our method consistently estimates accurate
metric depth across all the scenes. We also observe better relative depth recovery due to leveraging
defocus cues (zoom in 4x on blurred) in some regions (blue boxes,STAIRS). While the competing
methods perform comparably to ours in some cases (MLPro:PLANE, KITCHEN, UniDepth:STAIRS,
Metric3D:THORDOG, BOOKS), they struggle with the rest of the scenes due to incorrect relative depth
(TOYS, BOOKS) and metric scale (PLANE) recovery. recovers sharp details but fails at metric scale
and relative depth accuracy for many of the scenes. Since the RealSense has a wider FOV than the
DSLR, we show a roughly aligned crop of the GT depth for comparison.

learning rate of1:5 � 10� 3 for z(d )
T , 5 � 10� 3 for (a; b), and default values for optimizer parameters.

Note that we use thesamescene boundssmin = 1 :49, smax = 3 :5 for all the real scenes in our
dataset. These values represent a conservative upper bound on the potential maximum scale and
offset in the real dataset. Please see supplement.A for more details.

5 Experiments and Results

Dataset details Our method requires 2 images captured with different apertures (but same view-
point) to integrate defocus cues. Standard monocular depth datasets [49, 35] typically capture
in-focus images at a single aperture per scene, making them unsuitable for evaluating our method.
While one could simulate defocused images with eq. (7) and RGBD data, this does not capture the
model mismatch (occlusion, diffraction) in the physical image formation process. Therefore, to
fairly evaluate our method, we construct a hardware capture setup, shown in �g. 2, comprising an
Intel RealSense depth camera rigidly mounted to a DSLR camera (Canon EOS 5D Mark II). We
use this system to collect a custom real-world dataset of 7 unique scenes, evaluating our method
against learning-based MMDE baselines. We choose scenes with diverse subjects and depth pro�les,
placed within the operating depth range of RealSense (0.3–3.8m) to ensure accurate ground truth
depth. Note that the CoC changes negligibly with depth beyond these distances, making defocus cues
unreliable. For each scene, we capture images at 6 different apertures,f=4; f=8; f=11; f=13; f=16,
andf=22, with the latter serving as the AIF imagex. The blurred image,xb, is selected from the
lower F-stop images (see �g. 5 for comparison of F-stop setting on depth map quality). As described
in section 4, we try to maintain a similar ratio of the exposure time and the camera aperture area for
all the measurements taken for a scene. The lens focal length (f ) and F-stop (N ) are provided by the
camera EXIF data, and the focus distanceF is read manually from the lens's analog focus scale4.

4Alternatively, a lens with focus motor encoding would allow this to be known from EXIF
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