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Abstract

Monocular camera calibration is a key precondition for nu-
merous 3D vision applications. Despite considerable ad-
vancements, existing methods often hinge on specific as-
sumptions and struggle to generalize across varied real-world
scenarios, and the performance is limited by insufficient train-
ing data. Recently, diffusion models trained on expansive
datasets have been confirmed to maintain the capability to
generate diverse, high-quality images. This success suggests
a strong potential of the models to effectively understand var-
ied visual information. In this work, we leverage the compre-
hensive visual knowledge embedded in pre-trained diffusion
models to enable more robust and accurate monocular camera
intrinsic estimation. Specifically, we reformulate the problem
of estimating the four degrees of freedom (4-DoF) of camera
intrinsic parameters as a dense incident map generation task.
The map details the angle of incidence for each pixel in the
RGB image, and its format aligns well with the paradigm of
diffusion models. The camera intrinsic can then be derived
from the incident map with a simple non-learning RANSAC
algorithm during inference. Moreover, to further enhance the
performance, we jointly estimate a depth map to provide extra
geometric information for the incident map estimation. Ex-
tensive experiments on multiple testing datasets demonstrate
that our model achieves state-of-the-art performance, gaining
up to a 40% reduction in prediction errors. Besides, the exper-
iments also show that the precise camera intrinsic and depth
maps estimated by our pipeline can greatly benefit practical
applications such as 3D reconstruction from a single in-the-
wild image.

Introduction
Monocular camera calibration (Zhu et al. 2023; Jin et al.
2022; Hold-Geoffroy et al. 2018; Lee et al. 2020) aims to
estimate the intrinsic properties of a camera from a sin-
gle image, which is important for many downstream tasks
of 3D scene reconstruction and understanding, as well as
other visual applications (Zhang et al. 2020a,b). Existing
methods often rely on geometric principles like Manhattan
world assumption (Coughlan and Yuille 1999), or are based
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on specific objects like checkerboards or human faces (Hu
et al. 2023), and therefore can hardly generalize to diverse
real scenarios. To alleviate the reliance mentioned above,
Zhu (Zhu et al. 2023) introduced an incident field con-
cept, which defines the direction between the 3D point cloud
and the camera’s optical center, allowing intrinsic recov-
ery using a simple RANSAC algorithm (Fischler and Bolles
1981). While this approach shows promising generalization,
it struggles with accurate and confident estimates due to lim-
ited training data like the ill-pose property of monocular
depth estimation.

Recently, a series of advanced approaches (Ke et al. 2023;
Xu et al. 2024; Fu et al. 2024) for monocular depth esti-
mation have emerged, which leverage the robust knowledge
priors embedded within Stable Diffusion models. Through
strategic fine-tuning protocols, these methods have demon-
strated exceptional capabilities in achieving commendable
zero-shot generalization.

In this paper, motivated by the successful visual knowl-
edge transfer from image generation to depth estimation, as
seen in Marigold, we propose to solve the monocular camera
calibration problem by reformulating it as an incident map
generation task. The incident map details the angle of inci-
dence for each pi‘xel in the RGB image and its format aligns
well with the paradigm of diffusion models. Thus, it can
be learned by properly fine-tuning and enforcing the Stable
Diffusion models. With such design, we can effectively ad-
dress the community’s focus on the robustness and accuracy
by leveraging the advantages of diffusion models. Specifi-
cally, we freeze the VAE encoder and decoder of Stable Dif-
fusion, and fine-tune the U-Net to learn the noise added to
the incident map. It can bring two main advantages: 1) We
prove that the rich visual information of Stable Diffusion
models can benefit not only perception tasks but also the
camera characteristics estimation. 2) By regarding the esti-
mation process as a probabilistic one, the confidence of the
predicted incident map will be increased by de-noising from
different noise maps and ensembling the corresponding re-
sults.

Additionally, Yin et al. (Yin et al. 2021) analyzed the con-
nection between camera intrinsic parameters and depth maps
in single-image 3D reconstruction, highlighting their inher-
ent relationship. To enhance performance, we incorporate
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Figure 1: We reformulate monocular camera calibration as a diffusion-based incident map generation task. (a) Our pipeline
enables robust camera intrinsic estimation from a single image. (b) The ‘incidence map’ represents incident rays pointing from
the camera image pixels to the 3D point cloud. The camera intrinsic can be derived from the incident map with the RANSAC
algorithm. (c) Our pipeline leverages the paradigm of latent diffusion models, takes the RGB image and random Gaussian noise
as input, and generates the incidence map and depth map together. Subsequently, in-the-wild 3D reconstruction is enabled with
the predicted depth and intrinsic.

depth information into our pipeline, forcing the network to
concurrently estimate both the incident map and the depth
map from an input RGB image. Our experiments demon-
strate that this approach improves results in both modalities.

Using the estimated incident map, the camera’s intrin-
sic parameters can be accurately derived through the non-
learning-based RANSAC (Fischler and Bolles 1981) algo-
rithm. Extensive quantitative and qualitative experiments
show that our method outperforms recent approaches and
achieves state-of-the-art results. Comprehensive ablation
studies verify the effectiveness of each component. Addi-
tionally, leveraging the estimated depth map allows us to
project the 2D image into 3D space, facilitating 3D recon-
struction from a single in-the-wild image.

Overall, our contributions can be summarized as follows.

• To the best of our knowledge, this is the first work to
leverage the visual knowledge priors of diffusion mod-
els to reformulate the camera intrinsic estimation as the
task of generating a dense incident map. This approach
significantly improves the robustness and accuracy of the
estimates.

• We introduce a method to jointly estimate the incident
map and the depth map, leveraging their intrinsic rela-
tionships to enhance the performance of both.

• Utilizing the predicted depth map and camera intrinsics
derived from the incident map, our approach can benefit
downstream applications such as 3D reconstruction from
a single image, even in challenging in-the-wild scenes.

Related Work
Monocular Camera Calibration
Monocular camera calibration is vital in computer vision,
focusing on geometric considerations and object proper-
ties. Early methods used geometric principles like the Man-
hattan world assumption (Coughlan and Yuille 1999) and
objects such as chessboards (Zhang 2000) or line seg-
ments (Von Gioi et al. 2008; Akinlar and Topal 2011). While
these methods offered diverse approaches, they depended on
specific assumptions, limiting their generalization. More re-
cent methods used real-world objects like faces (Hu et al.
2023) or other items (Grabner, Roth, and Lepetit 2019;
Chen, Chin, and Li 2019; Sturm 2005), but still required
specific objects, restricting their application in varied sce-
narios. In contrast, our method reformulates calibration as
an image generation task. By leveraging the diffusion model,
our method predicts the four degrees of freedom (4-DoF) of
camera intrinsic parameters using a single undistorted im-
age, eliminating the need for conventional assumptions and
specific objects.

Learnable Monocular 3D Priors
Zhu et al.(Zhu et al. 2023) introduced the incidence field, de-
fined as the incidence rays between 3D points and 2D pixels,
to estimate camera intrinsics by exploiting monocular 3D
priors. The most well-known 3D priors in computer vision
are monocular depth(Yin et al. 2021; Ranftl, Bochkovskiy,
and Koltun 2021; Ranftl et al. 2022; Yin et al. 2023; Xu
et al. 2022, 2024) and surface normals (Bae, Budvytis, and
Cipolla 2021; Xu et al. 2024), which are fundamental for
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Figure 2: Overview of the generation pipeline. Given an image x, we generate the incident map v̂ and depth map d̂ using the
denoising U-Net from two randomly sampled gaussian noises Ẑv

T and Ẑd
T . The generated v̂ and d̂ are projected into 3D space

to recover the 3D scene shape. It is worth mentioning that the denoising process in the green part loops for T times. Please note
that the Incidence Decoder and Depth Decoder utilize the same freeze decoder.

transitioning from 2D to 3D tasks by providing essential
information about scene depth and surface orientation. Re-
cently, Jin et al.(Jin et al. 2023) introduced the perspective
field for single image camera calibration, offering per-pixel
information about the camera view through an up vector
and latitude value, effectively capturing local perspective
properties. Unlike the perspective field approach requiring
panorama images for training, the incidence field only needs
undistorted images, providing a valuable solution for in-the-
wild monocular camera calibration. A Transformer-based
fully-connected CRFs neural network(Yuan et al. 2022) is
used for incidence field estimation. However, the incidence
field approach is limited by insufficient training data. Our
method addresses this by formulating incidence field estima-
tion as an incidence map generation task, leveraging the ro-
bust priors in generative Stable Diffusion models to achieve
more generalized and robust in-the-wild single image cam-
era calibration.

Diffusion Models

The Diffusion Denoising Probability Model (DDPM), also
known as the Diffusion Model (Ho, Jain, and Abbeel
2020), presents a novel generative approach distinct from
GANs (Goodfellow et al. 2014). Renowned for its high-
quality generation and controllable synthesis, DDPM has
gained increasing popularity across diverse domains. Re-
cently, large language models have also been explored for
image generation (Liu et al. 2025a; He et al. 2025) and
other tasks (Liu et al. 2025b). The DDPM model trains
a denoising encoder to reverse the Markov diffusion pro-
cess (Song, Meng, and Ermon 2020). Advancements like the
latent diffusion model (Rombach et al. 2022) reduce com-
putational costs while preserving high fidelity. Our method
leverages the diffusion model’s robust priors to generate
high-precision incident and depth maps, improving intrinsic
parameter estimation and enabling more accurate 3D recon-
struction.

Method
The overall pipeline of DiffCalib is shown in Figure 2.
Our approach further formulates the incidence field estima-
tion as an incidence map generation task, with rich visual
knowledge of the pre-trained diffusion models leveraged to
enhance the robustness of calibration. Additionally, the si-
multaneous estimation of depth maps and incident maps fa-
cilitates performance boosting and applications like 3D re-
construction from a single image. To begin with, let’s intro-
duce the concepts of the incident map, and reformulate it as
a diffusion-based generation.

Incident Map
The incident map contains the collection of incident rays
originating from points within the scene and passing through
corresponding pixels on the camera’s imaging plane. It out-
lines the array of rays extending from each pixel position on
the imaging plane to the camera’s focal point.

Take the pinhole camera model as an example. Mathemat-
ically, for any pixel p of coordinate (x, y) on the imaging
plane, the incident map vector v, denoted as V (p), can be
expressed as follows.

v = V (p) = V (x, y) =
(

x−bx
fx

y−by
fy

1
)⊤

(1)

Where bx and by denote the optical center location along
the x-axis and y-axis, and fx and fy represent the focal
length along the x-axis and y-axis, respectively.

The incident map emerges as a crucial 3D prior due to its
ability to convey essential information regarding the cam-
era’s viewing perspective. In contrast to directly estimating
the 4-DoF camera intrinsic parameters, the dense incident
map bears a closer resemblance to natural images and is in-
variant to image transformations such as cropping and re-
sizing. This similarity enables it to potentially leverage the
extensive knowledge priors of networks that have been pre-
trained on a diverse array of real-world scenes.
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Figure 3: Overview of the training pipeline. We freeze the
latent encoder and encode the input image x, incident map
v, and depth map d into the latent space. Then, the U-Net is
trained to predict the noise added to the depth and incident
map latent codes, denoted as ϵ̂dt and ϵ̂vt , respectively. The
loss function is computed between the estimated noise and
the added ground-truth noise.

Diffusion-Based Generation
With the dense representation of the incident map, we refor-
mulate the monocular camera calibration task as an incident
map generation process by leveraging the rich knowledge
priors of the Stable Diffusion v2.1 model. The Stable Dif-
fusion is composed of a VAE autoencoder that transfers im-
ages to the latent space, and a U-Net that estimates the noise
added to the image.

During training, the incident map is firstly encoded to the
latent space as Zv with the pre-trained VAE encoder. Then,
we gradually add random sample Gaussian noise to get the
noising incident latent codes Zv

t :

Zv
t =

√
ᾱtZ

v
0 +

√
1− ᾱtϵ (2)

where Zv
0 = Zv is the initial incident map and ᾱt is noise

scheduler that controls sample quality. The timestep t ∼
(1, T ) and ϵ ∼ N(0, I). Then, the noisy encoded incident
map passes through the U-Net ϵθ to predict the estimated
noise ϵ̂. The model is trained by minimizing the L2 loss of
the estimated noise ϵ̂ and the ground-truth added noise ϵ

During inference, we denoise the input Zv
t to Zv

t−1 step by
step from Zv

T to Zv
0 with the trained denoiser U-Net. Finally,

the estimated incident map is recovered from Zv
0 with the

pre-trained VAE decoder.

DiffCalib
Our approach leverages pre-training on Stable Diffusion
v2.1 (Rombach et al. 2022), aiming to reformulate incidence
field estimation as an incidence map generation task. This
allows us to use the robust priors from generative Stable
Diffusion models for more generalized and robust in-the-
wild single-image camera calibration. However, a challenge
arises due to the uniform structural distribution of the inci-
dent map, which only comprises four parameters, differing
significantly from the pre-trained image data. The similarity
between pixels and their values makes it difficult for the dif-
fusion model to effectively utilize image generation priors.
Bridging this gap is crucial for the model’s effectiveness.

Enhance Incident Map Generation by Jointly Learning
with Depth Map. Inspired by Yin et al. (Yin et al. 2021),
we recognize the association between depth information and
camera intrinsic parameters, highlighting the correlation be-
tween incident maps and depth maps. Using depth maps,
we can map incidence rays to latent 3D space, and incident
maps can project depth maps into 3D space. Thus, we jointly
incorporate depth and incident maps into our model to en-
hance incident map generation.

Our training pipeline is illustrated in Figure 3. When in-
putting the image x and incident map v, the paired depth
map d is included, replicated into three channels to resem-
ble RGB. The frozen VAE Encoder E(·) encodes x, d, and v
as Zx = E(x), Zd = E(d), and Zv = E(v). Zd and Zv are
added with multi-resolution noises (Kasiopy 2023) ϵdt and ϵvt
to form Zd

t and Zv
t . These are concatenated as (Zx, Zv

t , Z
d
t ).

We triple the input channel of the U-Net in Stable Dif-
fusion v2.1 to accommodate 12 channels. The joint latent
codes Zv

t and Zd
t form a 3D representation ZP

t , allowing
the denoiser to utilize the joint latent variable representation
for denoising. The denoise function is:

ϵ̂Pt = ϵθ(Z
x, ZP

t , t) (3)

where ϵ̂Pt is split into ϵ̂vt and ϵ̂dt . The loss is:

L = Ex,v,d,ϵvt∼N (0,I),t∼U(T )∥ϵvt − ϵ̂vt ∥22+
Ex,v,d,ϵdt∼N (0,I),t∼U(T )∥ϵdt − ϵ̂dt ∥22

(4)

Inference Performance Improvement with the Ensemble
Process. During the inference phase, we use a frozen VAE
encoder to convert the input image x into latent code Zx.
We then generate ensemble-size noises Ẑv

T and Ẑd
T for the

incident map and depth, respectively. Each noise sample is
paired with the image to ensure diversity.

To enhance accuracy, we average the generated incident
noise, where less accurate pixels are refined through mul-
tiple generations while accurate pixels remain stable. This
approach improves the reliability of the incident maps. The
combined latent codes (Zx, Ẑv

T , Ẑ
d
T ) are then processed

through U-Net for multistep denoising. The output latent
codes Ẑv

0 and Ẑd
0 are decoded by the frozen VAE decoder

to produce the ensemble incident maps v̂ and depth maps d̂.
The ensemble maps v̂ and d̂ are averaged to obtain the fi-
nal incident map and depth map. While the incident map is
directly reconstructed, the depth map, initially in three chan-
nels, is condensed into a single channel through averaging.

Monocular Intrinsic Calibration from Incident Map.
With the reconstructed incident map v̂, we use a RANSAC
method without assumptions to recover the camera’s intrin-
sic matrix K. from the incident map. By leveraging the re-
lationship between the incidence vector v and the camera
intrinsic parameters, the intrinsic matrix can be directly in-
ferred.

With the 2D pixel location of the image p = [x, y, 1]T

and camera intrinsic K:

K =

[
fx 0 bx
0 fy by
0 0 1

]
(5)
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, we can randomly sample two incidence vectors:

v1 = K−1 (x1 y1 1)
⊤
=

(
x1−bx

fx

y1−by
fy

1
)⊤

, (6)

v2 = K−1 (x2 y2 1)
⊤
=

(
x2−bx

fx

y2−by
fy

1
)⊤

(7)

Then the camera’s intrinsic matrix is estimated using the
RANSAC algorithm and a minimal solver follows Wild-
Camera (Zhu et al. 2023). Based on the relationship be-
tween the incidence vector and the camera’s intrinsic param-
eters, we can directly derive the focal lengths as well as the
pixel coordinates of the optical center:

fx =
x1 − x2

v1x − v2x
, bx =

1

2
(x1 − v1xfx + x2 − v2xfx)

fy =
y1 − y2
v1y − v2y

by =
1

2
(y1 − v1yfy + y2 − v2yfy)

If we assume that the optical center is positioned at the
center of the image, and the camera model adheres to the
pinhole model, the estimation of the camera’s intrinsic pa-
rameters can be simplified to a 1-Degree of Freedom (1-
DoF) task. Specifically, we can estimate the focal length of
the camera by enumerating candidate values.

Downstream Application: 3D Reconstruction
With the generated depth map d̂ and estimated camera intrin-
sic f , we can reconstruct the 3D point cloud using a simple
pinhole camera model. However, the depth map we gener-
ate is the affine-invariant depth, which includes a concept of
shift that leads to the distortion of the reconstructed point
cloud. To mitigate this issue, we leverage the frozen shift
model (Yin et al. 2021) to recover the shift. With the recov-
ery of the shift in our depth map d̂, we can obtain the point
cloud P as:

P = d̂ ·
(

x−bx
fx

y−by
fy

1
)⊤

(8)

Here, x and y represent the pixel coordinates of the depth
map, while the estimated f = fx = fy and bx, by denote the
location of the map’s center in our pinhole camera model.

Experiments
Dataset and Evaluation Protocol
Training Datasets We choose Hypersim (Roberts et al.
2021) as our primary training dataset for incident map and
depth map generation. This dataset comprises 461 synthetic
indoor scenes with depth information and consistent ground-
truth camera intrinsic parameters of [889, 889, 512, 384]
across all scenes. We use 365 scenes for training, fol-
lowing the recommended setup. To increase the variety
of training scenarios, we incorporate additional datasets:
NuScenes (Caesar et al. 2020), KITTI (Geiger et al. 2013),
CityScapes (Cordts et al. 2016), NYUv2 (Silberman et al.
2012), SUN3D (Xiao, Owens, and Torralba 2013), ARK-
itScenes (Baruch et al. 2021), Objectron (Ahmadyan et al.
2021), and MVImgNet (Yu et al. 2023). These datasets
are used with their camera intrinsic parameters but without

depth information. For consistency, we replace the depth in-
put with a copied image input to match the network input.
To introduce variations in intrinsic parameters, we augment
the intrinsic settings by randomly enlarging images up to
twice their size and then cropping them to a suitable size,
following the approach in (Lee et al. 2021). This augmenta-
tion addresses the scarcity of intrinsic variations within the
dataset, ensuring a robust training process.

Testing Datasets For monocular camera calibration, our
evaluation encompasses datasets such as Waymo (Sun et al.
2020), RGBD (Sturm et al. 2012), ScanNet (Dai et al.
2017), MVS (Fuhrmann, Langguth, and Goesele 2014), and
Scenes11 (Chang et al. 2015). We ensure alignment with the
benchmark provided by WildCamera (Zhu et al. 2023) for
this task.

Evaluation Protocol For camera intrinsic estimation as-
sessment, we adhere to the prescribed evaluation protocol
in (Zhu et al. 2023), employing the metrics:

ef = max

(
|f ′

x − fx|
fx

,
|f ′

y − fy|
fy

)
,

eb = max

(
2 · |b

′
x − bx|
w

, 2 ·
|b′y − by|

h

) (9)

where fx and fy represent the focal lengths along the two
axes, bx and by denote the location of the optical center, w
and h represent the width and height of the image, respec-
tively.

Implementation Details
We leverage the pre-training model provided by Stable Dif-
fusion v2.1 (Rombach et al. 2022), wherein we freeze the
VAE encoder and decoder, focusing solely on training the
U-Net. This training regimen adheres to the original pre-
training setup with a v-objective. Moreover, we configure
the noise scheduler of DDPM with 1000 steps to optimize
the training process. The training regimen comprises 30,000
iterations, with a batch size of 16. To accommodate the train-
ing within a single GPU, we accumulate gradients over 16
steps. We employ the Adam optimizer with a learning rate
of 3 × 10−5. Typically, achieving convergence during our
training process necessitates approximately 12 hours when
executed on a single Nvidia RTX A800 GPU card. We set
the ensemble size as 10, meaning we aggregate predictions
from 10 inference runs for each image.

Quantitative Comparison
Quantitative Comparison of Monocular Camera Cali-
bration. We present the monocular camera calibration re-
sults separately for both seen and unseen datasets in Table 1
and Table 2, respectively.

In Table 1, for a fair comparison, we utilize the same
data as WildCamera (Zhu et al. 2023) to train our method
specifically for the incident map and evaluate the metrics
on the test split of the seen dataset. Our approach achieves
significant improvements on most datasets. Furthermore,
in Table 2, our method’s evaluation on zero-shot in-the-
wild datasets demonstrates superior generalization in diverse
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Methods NuScenes KITTI CitySpace NYUv2 SUN3D ARKitScenes MVImgNet
ef ↓ eb ↓ ef ↓ eb ↓ ef ↓ eb ↓ ef ↓ eb ↓ ef ↓ eb ↓ ef ↓ eb ↓ ef ↓ eb ↓

Perspective CVPR’23 0.378 0.286 0.631 0.279 0.624 0.316 0.261 0.348 0.325 0.367 0.260 0.385 0.601 0.311
WildCamera NeurIPS’23 0.102 0.087 0.111 0.078 0.108 0.110 0.086 0.174 0.113 0.205 0.140 0.243 0.101 0.081
DiffCalib (w/o depth) 0.075 0.022 0.087 0.094 0.062 0.047 0.057 0.022 0.059 0.023 0.107 0.027 0.108 0.031
DiffCalib 0.026 0.039 0.021 0.074 0.052 0.045 0.013 0.040 0.028 0.043 0.069 0.048 0.078 0.074

Table 1: Monocular camera calibration was conducted on the testing split of trained datasets. We followed the benchmark of
WildCamera (Zhu et al. 2023). ’DiffCalib (w/o depth)’ represents the pipeline that only uses the incident map. ’DiffCalib’
represents the pipeline that jointly utilizes the incident map and the depth map.

Methods Asm Waymo RGBD ScanNet MVS Scenes11
ef ↓ eb ↓ ef ↓ eb ↓ ef ↓ eb ↓ ef ↓ eb ↓ ef ↓ eb ↓

WildCamera (Zhu et al. 2023) × 0.210 0.053 0.097 0.039 0.128 0.041 0.170 0.028 0.170 0.044
DiffCalib (w/o depth) × 0.188 0.053 0.092 0.018 0.089 0.041 0.135 0.032 0.108 0.029
DiffCalib × 0.145 0.053 0.084 0.040 0.055 0.036 0.108 0.036 0.176 0.038
Perspective (Jin et al. 2023) ✓ 0.444 0.020 0.166 0.000 0.189 0.010 0.185 0.000 0.211 0.000
WildCamera ✓ 0.157 0.020 0.067 0.000 0.109 0.010 0.127 0.000 0.117 0.000
DiffCalib (w/o depth) ✓ 0.246 0.020 0.052 0.000 0.071 0.010 0.112 0.000 0.081 0.000
DiffCalib ✓ 0.120 0.020 0.062 0.000 0.042 0.010 0.081 0.000 0.146 0.000

Table 2: Monocular camera calibration on zero-shot datasets was conducted following the benchmark established by WildCam-
era (Zhu et al. 2023). Asm represents the assumption that the image center of the simple camera model is fixed as the optical
center, resulting in consistent outcomes. Our approach achieves state-of-the-art performance on zero-shot datasets.

Error

ScanNetRGBDWaymo

0.25

0.20

0.15

0.10

0.05

0.00

Figure 4: Comparison with limited data: We compared the
model training using less data to achieve greater results,
while the inclusion of additional data leads to even better
performance.

scenes, outperforming others in real-world scenarios. Com-
paring DiffCalib with DiffCalib (w/o depth) reveals robust
joint-learning capabilities, improving most datasets except
RGBD (Sturm et al. 2012) and Scenes11 (Chang et al. 2015).
The RGBD discrepancy may be due to uncalibrated default
intrinsic parameters (Zhu et al. 2023), and the Scenes11
dataset’s complexity arises from randomly shaped and mov-
ing objects. Thus, using only incident maps without depth
estimation performs better on these two datasets.

Quantitative Comparison of Zero-Shot 3D Scene Re-
construction To demonstrate the robustness and accu-
racy of our reconstruction method, we compare it against
LeReS (Yin et al. 2021), which also uses a single image
for 3D scene reconstruction. The results, shown in Table 3,
utilize Chamfer l1 distance (C-l1) and F -score with a 5cm
threshold. Both methods align predicted point clouds with

Methods NYU ScanNet
C-l1 ↓ F -score ↑ C-l1 ↓ F -score ↑

LeReS 0.145 0.333 0.126 0.377
DiffCalib 0.127 0.433 0.150 0.508

Table 3: Qualitative comparison of 3D reconstruction from
single image. We compare the reconstruction performance
with LeReS on two zero-shot datasets. The C-l1 and F -
score metrics with a threshold of 5cm are evaluated here.

the ground truth depth, using the identity matrix for pose.
Our method shows a 30% improvement in the F -score
metric over LeReS. For focal length predictions on Scan-
Net (Dai et al. 2017), LeReS predicts 980, our method pre-
dicts closer to the ground truth of 1165.72, resulting in bet-
ter performance. Occasional poor C-l1 results may be due to
outlier point clouds.

Ablation Study
Pre-train of U-Net. Table 4 illustrates the performance
of camera intrinsic estimation with and without U-Net pre-
training. To ensure adequate fitting, we train the network for
30k iterations (10k more than with pre-training) and test it
on validation data. The results show significant performance
improvement with U-Net pre-training, highlighting the im-
portance of using a generalizable and strong prior in this do-
main. We present the worst results from two datasets, which
largely represent the impact of U-Net pre-training.

Comparison with Less Data. As shown in the Figure 4,
with less than 48k of 80k data(about half), DiffCalib still
outperforms WildCamera, which demonstrates the superior-
ity of fine-tuning the large model.
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Figure 5: Qualitative comparison of 3D reconstruction. We compare with LeReS (Yin et al. 2021) across diverse scenes. The
black arrow highlights the area of inconsistent geometry that has been reconstructed by alternative methodologies.

Methods Waymo Scenes11
ef eb ef eb

DiffCalib (w/o pre-train) 0.263 0.062 0.214 0.034
DiffCalib 0.188 0.054 0.108 0.029

Table 4: Ablation study for the pre-trained parameters of the
U-Net. We observe that the U-Net pre-training parameters
can enhance the performance and facilitate the convergence.

Methods Ensemble Waymo RGBD Scenes11
Times ef eb ef eb ef eb

w/o ensemble 0 0.160 0.098 0.141 0.068 0.201 0.079
ensemble 10 0.145 0.053 0.084 0.040 0.176 0.038

Table 5: Ablation study of the ensemble process. With the
ensemble process, our DiffCalib demonstrates significantly
improved robustness in camera intrinsic estimation.

Ensemble of Incidence Noise. Using the diffusion model
to generate the incident map offers significant variety. By
denoising multiple noise samples and averaging the results,
the confidence in the predicted incident map increases. The
results in Table 5 demonstrates this benefit, showing that
ensemble noise improves results across several in-the-wild
datasets. This aligns with real-world scenarios where images
with slight variations may share the same incident map.

The Utilization of Incident Maps Improves Depth Es-
timation. For depth estimation, we evaluated our model
on the NYU (Silberman et al. 2012) and ETH3D (Schops
et al. 2017) datasets using affine-invariant settings. Trained
only on indoor scenes, our model was tested on NYU’s in-
door scenes and ETH3D’s mixed indoor and outdoor scenes.
Table 6 shows that incorporating both depth and incident
maps enhances intrinsic estimation and depth performance.
A model trained with both maps outperforms one trained
with depth alone. Both models, trained on the Hypersim

Methods NYU(indoor) ETH3D
AbsRel ↓ δ1 ↑ AbsRel ↓ δ1 ↑

DiffCalib (w/o incident) 0.086 0.924 0.101 0.903
DiffCalib 0.082 0.927 0.086 0.918

Table 6: Ablation for the influence of incident map estima-
tion to depth estimation. DiffCalib (w/o incident) refers to
training using only depth maps.

dataset, differ only in incident map supervision, and our
evaluation aligns with other depth estimation methods to
validate the results.

Qualitative Comparison with 3D Reconstruction. We
conduct a comparative analysis in Figure 5 between our sin-
gle image 3D reconstruction method and the recent LeReS
approach (Yin et al. 2021) on ScanNet, DIODE, ETH3D
dataset, and in-the-wild condition, both of which rely solely
on a single image for 3D reconstruction. our method consis-
tently outperforms LeReS in terms of both detail preserva-
tion and geometric accuracy.

Conclusion
In this paper, we present a diffusion-based approach, namely
DiffCalib, for monocular camera calibration with a single
in-the-wild image. We reformulate the calibration problem
as a diffusion-based dense incident map generation task.
By leveraging the successful visual prior knowledge trans-
ferring from image generation to incidence and depth es-
timation, our approach enables more robust and accurate
in-the-wild camera calibration, showing superior generaliza-
tion ability and effectiveness upon existing methods. Beyond
calibration, we show that the robust performance of our Dif-
fCalib can greatly benefit downstream applications such as
3D scene reconstruction from a single image.
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