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Abstract. Vision foundation models are capable of generalizing across
3-dimensional (3D) scenes with high-fidelity estimates; their empirical
success can be attributed to training on large-scale datasets of perspec-
tive images. However, when transferred to wide field-of-view (FoV) im-
ages, such as those captured by fisheye cameras, they return erroneous
outputs due to a covariate shift stemming from the radial distortion on
the image pixels. We propose a method to generalize vision foundation
models to fisheye cameras. The crux of our method lies in a set of learn-
able parameters, termed Distortion Extenders (DEX), that model the
fisheye distortion coefficients and the distributional shift between fish-
eye and perspective images encoded in the latent space. By minimizing a
self-supervised alignment loss, DEX transforms the latent embeddings of
fisheye images to resemble those of perspective images to recover high-
fidelity estimates. DEX is architecture- and task-agnostic: We demon-
strate DEX on monocular depth estimation and open-vocabulary seg-
mentation for convolution- and Transformer-based architectures, where
we consistently improve over baselines across indoor and outdoor fisheye
datasets. As a byproduct, the activations of DEX can also be decoded to
distortion coefficients to support camera calibration. Code available at:
https://github.com/Suchisrit/DEX.
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1 Introduction

Vision foundation models are typically trained on tens to hundreds of millions of
images, enabling them to generalize across a wide range of 3-dimensional (3D)
scenes and across tasks, spanning from recognition to 3D reconstruction. These
models leverage the large volumes of internet images available, which are predom-
inantly captured by standard perspective cameras of 3D scenes. The relationship
of 3D points and their projection onto a 2D image plane can be described by
the projective geometry of the camera, where the perspective cameras captur-
ing the majority of the large-scale training dataset are well-approximated by a
simple pinhole projection model. When training on such datasets, biases of the
camera projective geometry are “baked into” these foundation models, which are
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Fig. 1: 3D reconstructions and open-vocabulary segmentation of fisheye imagery pro-
duced by foundational models, UniDepthV2 and LSeg . The distortion in the
input leads to erroneous and distorted reconstructions and segmentations.

often deployed onto mixed camera systems to enable spatial applications, from
extended realities to robotic manipulation and autonomous navigation.

Yet, within these mixed camera systems are wide field-of-view (FoV) cam-
eras necessary for environmental coverage (e.g., fisheye and other wide angle
cameras). Their projective geometry differs from that of perspective cameras, in
that 3D points follow a highly non-linear projection model that induces strong
radial distortions. As the FoV increases, objects that are projected near the
image borders become increasingly warped or distorted, deviating from the as-
sumptions of projective geometry under which foundational models are trained.
When these models are applied to fisheye images, the mismatch in projection
induces a systematic distribution shift in local pixel arrangements, and in turn,
the encoded features — leading to distorted 3D reconstructions and degraded
recognition performance, as seen in Fig. [I]

A natural response is to “undo” this image distortion; hence, one line of
work rectifies input images using known camera intrinsics, or re-projects them
into a canonical representation such as equirectangular, tangent, spherical, or
cube-map projections before processing . While this retains
compatibility with models (pre)trained on perspective images, it introduces
multiple resampling steps, calibration dependencies, and characteristic artifacts
(e.g., stretching near poles, seams between faces, aliasing, and gaps between
patches). Another approach is to train dedicated models (e.g., depth estimators
or segmentation networks) for fisheye cameras , which often suffer in
generalization across 3D scenes. This is partly due to the difficulty in assembling
large-scale fisheye training datasets, as there exist fewer available fisheye im-
ages than perspective images. While one may finetune publicly available (foun-
dational) models for specific cameras to improve generalization across scenes,
this risks parameter drift and may degrade performance on previously learned
cameras . An alternative is to supplement the shortage via mixed-camera
training , yet this trades generalizability for fidelity across cameras.

More importantly, the main school of thought aims to introduce inductive
biases tailored to each camera model, which entails specialized designs and thus
limits the end user’s flexibility in choosing architectures. Separately, the design
of these methods is also task-specific, whether reconstruction or recognition,
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leading to disparate approaches across vision tasks. Given that a pretrained
model can already faithfully infer properties of the 3D scene from perspective
images, erroneous estimates on fisheye images stem from a covariate shift in the
values of latent embeddings due to local operations on image pixels displaced
and rearranged by distortion. As such, if one can modulate their values to align
with those that produced high-fidelity estimates in perspective images, then
we hypothesize that one can extend the capabilities of models pretrained on
images captured by perspective cameras to those of fisheye cameras. To ensure
high utility, we consider an architecture- and task-agnostic approach, such that
we can apply our method to both convolution-based and Transformer-based
architectures for reconstruction and recognition tasks.

To do so, we begin by forgoing explicit modeling of camera projective geom-
etry in the input and latent space of the model and build on the insight that
the values of embeddings, rather than coordinates, can be adjusted to recover
high-fidelity estimates. To this end, we freeze the backbone to preserve its perfor-
mance on perspective images and propose a set of lightweight, learnable modules
that can be inserted into each block of a frozen backbone to modulate feature
embeddings of fisheye images. Rather than re-projecting pixels to a canonical
image plane, these parameters implicitly model the distortion in fisheye images
and operate directly in latent space to map fisheye embeddings toward the distri-
bution of perspective image embeddings. Hence, our method bypasses the need
for rectification or camera-specific inductive biases and the cost to retrain the
backbone to extend perspective vision models to fisheye cameras. We term our
method Distortion Extenders, or DEX for short.

We train DEX in a self-supervised manner using only calibrated perspective
images. Given a perspective image, we synthetically distort it to obtain a fisheye
counterpart. We pass the perspective image through a frozen vision model and
treat its output (or intermediate features) as a reference. The fisheye image is
then processed by the same backbone but augmented with DEX, and an in-
verse geometric transformation aligns the fisheye output back to the perspective
reference frame. We minimize an alignment loss that drives the Extenders to rec-
oncile the two estimates. This procedure requires neither ground truth nor real
fisheye training data, and can be applied to both convolutional and Transformer
architectures and across reconstruction (e.g., monocular depth estimation) and
recognition tasks (e.g., open-vocabulary segmentation). At test time, fisheye im-
ages are fed directly into the augmented model — no calibration, re-projection,
or knowledge of additional inference-time geometry is required.

We demonstrate our method on two vision tasks: monocular depth estimation
and open-vocabulary segmentation. For monocular depth estimation, we further
change the output parameterization from Cartesian depth z to spherical range R,
leveraging the structure of fisheye projection models to more naturally express
distances in high-FoV settings and to counteract the radial attenuation observed
in models trained on perspective images. For open-vocabulary segmentation,
we formulate our objective in the latent space to better take advantage of the
affinities between an image and its associated text.
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Our Contributions are as follows: (1) We introduce Distortion Exten-
ders (DEX), a set of lightweight, feature-space modulators that generalizes
pretrained models from perspective to fisheye imagery by transforming fisheye
embeddings to align with those of perspective images. (2) We provide anal-
ysis showing that DEX indeed does model fisheye distortion coefficients and
serves as latent distribution alignment. (3) DEX is architecture-agnostic and
applicable to both convolution- and Transformer-based architectures. (4) DEX
is also task-agnostic and enables strong zero-shot performance on real fisheye
datasets for both monocular depth estimation (ScanNet++, KITTI-360) and
open-vocabulary segmentation (WoodScape). As a byproduct, activations of
DEX can be decoded to distortion coefficients for calibration purposes.

2 Related Works

Vision Foundation Models. Recently, foundation models (pretrained mod-
els designed to provide strong initializations for a variety of tasks) have seen
significant growth in the vision domain. These models leverage large datasets
through both self-supervised and supervised learning. Their flexibility enables
them to adapt to and perform a wide range of tasks. CLIP |38] demonstrates
broad task applicability by using contrastive learning on a large vision-language
dataset and has been a core component in open-vocabulary segmentation [22//62].
DINO |3l/31] uses self-supervision to extract effective features and has been used
as an encoding module in depth estimators [37,[65/66]. However, despite being
trained on extensive datasets, they experience performance degradation when
used with data captured by fisheye cameras, where errors propagate to down-
stream models.

Transformation-based Solutions. To enable depth estimation on unrec-
tified images, methods typically rely on alternate representations such as equi-
rectangular projection (ERP) [23//52], tangent projection |7,24], spherical projec-
tion [29,/64] or cube mapping [27)51]. However, each of these representations has
drawbacks: aside from resampling artifacts, ERP suffers from vertical stretching
distortion and angular compression towards the poles, tangent projection ex-
hibits radial stretching and nonuniform area scaling towards the edges, and cube
maps have discontinuous transitions between each face of the cube. These arti-
facts can introduce spurious errors when processed by standard neural network
operations, such as convolutions, tokenization, and patch embedding. Spherical
projections further require specialized network operations, which increases imple-
mentation complexity. Additionally, these projections introduce latency during
inference and require accurate camera calibration at test time, which can be
sensitive to small physical changes in the system.

Depth Estimation for Specific Cameras. Hence, to avoid projecting in-
put images to a canonical representation, another line of work seeks to train
depth estimators tailored to specific camera models [89,/12,14,21},30,/32,|341|41]
42,145]1471149,[55H591)671/73], e.g., perspective, wide-angle, fisheye, omnidirectional.
Yet, it is challenging to acquire training datasets for wide FoV cameras com-
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pared to publicly available perspective camera datasets. As such, it is di cult

to train foundation models for wide FOV cameras. Nonetheless, one can netune
existing large-scale pretrained models, e.g., foundational depth estimators, for
speci c cameras|[1,18,60]. While netuning can improve performance for a target
camera, it also introduces the risk of parameter drift [5) 33], where the resulting
models may lose their generalizability across 3D scenes and previously learned
cameras. It also produces camera-speci ¢ models, so deployment platforms (e.g.,
autonomous vehicles, XR, robotic systems) with mixed camera systems must
maintain multiple depth estimators, which increases operational complexity.

Generalizable Depth Estimators. To obtain models that generalize across
3D scenes and cameras, recent work has focused on developing foundational
monocular depth estimators (FMDESs) |37/40) 65]. Aside from training on large-
scale datasets of mixed cameras, methods in this vein also incorporate the pre-
viously mentioned projection to some canonical space, either in the input or in
the internal latent representation: DepthAnyCamera [13] applies equirectangular
projection (ERP) to the input image before processing it through the network
and backprojects the output to the original image space; FoVA-Depth [27] in-
stead utilizes cube mapping of the input image; Unik3D |[35] adopts a spherical
internal representation and trains on 23 di erent datasets of mixed cameras to
achieve state-of-the-art performance. However, the delity across all cameras is
reduced. Additionally, the architectural complexity introduced by these models
amounts to hundreds of millions of parameters, which imposes less exibility on
deployment platforms with speci ¢ computational requirements.

Image Segmentation has also bene ted from large-scale pretrained net-
works. Classic convolution-based architectures like U-Net [44] and DeepLab ([4]
remain popular, while Transformer-based methods|[63] have also shown success
in capturing global context. Recent developments such as the Segment Any-
thing Model [17] highlight the power of large-scale self-supervision and prompt-
based adaptation. Semantic segmentation |4, 19, 20, 44, 54] involves recognizing
the identity of segmented regions in the image, extensions of which include Open-
vocabulary Semantic Segmentation, where the possible classes for objects in the
scene are unknown until inference time. Many of such methods [15, 25,28,71,72]
rely on the CLIP vision-language model because of its strong alignment between
image and language embeddings, which can be used to assign labels to regions
of an image. Recent methods such as LSeg |22] and SED [62] encode text and
language separately at input and compare their embeddings to assign regions of
the image to the given set of classes. Similar to depth estimation, segmentation
pipelines can su er when encountering heavy distortions. However, most exist-
ing work to handle sheye images can only be applied to depth estimation. We
instead show how our method can be easily adapted to recognition tasks.

Di erentiation from Model Extension and Adaptation Methods.
The closest (concurrent) work to ours is Calibration Tokens |[6, 10], which ex-
tend FMDEs pretrained on perspective images to sheye images by appending
trainable tokens to Transformer blocks. Unlike them, the proposed Distortion
Extenders are distinct in: (1) Our method is architecture-agnostic and can be
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applied to feature map-based architectures (e.g., convolutional neural networks,
CNNs) as well as token-based architectures (e.g. Transformers); Calibration To-
kens are limited to Transformers due to their use of tokens. (2) Calibration To-
kens require manual removal of its appended tokens after each layer, which adds
complexity; unlike them, our method does not require appending or discarding
of any element, but automatically determines the weighting of the Extenders as
a convex combination for modulation based on their a nity towards sheye fea-
tures. (3) Calibration Tokens utilize a loss speci ¢ to depth, which limits their
tasks, whereas our loss is applicable to both depth estimation and segmenta-
tion. (4) A minor di erence is that Calibration Tokens output depth in z-depth
(Cartesian); whereas, we output in range (Euclidean) for depth estimation.

Also related are cross-attention [50] and LoRA [16]. Cross-attention deter-
mines an added bias by learning projections of di erent inputs to queries, keys,
and values; whereas, LORA projects the input directly to an added bias by
learning a weight matrix. Unlike them, we learn Extender modulators, and a
projection matrix to select amongst them, that allow the input features to di-
rectly determine weights for convex combinations of the Extenders. The result of
which will modulate each encoder block within a backbone. Intuitively, one may
analogize Extenders to centers or entries of a codebook that model distortion
coe cients and the distributional shift between perspective and sheye images.

3 Method

Formalization. We assume that we are given a model pretrained on perspec-
tive images, where its architecture comprises an image encoder f() and a task
decoder g(). We note that f and g are parameterized functions, but for ease
of notation, we omit their parameters as both sets are xed or frozen in our
method. Let | : R 2! R 2 denote an input RGB image, where denotes
the image space. Inference for a task is given by § = g(f(l)) for the estimate
P2RHWC  “where H and W are its spatial dimensions. In the case of regres-
sion tasks, e.g., depth estimation, C = 1 and § denotes a 2.5D range or depth
map. In the case of classi cation tasks, e.g., open-vocabulary segmentation, C
varies depending on the number of input classes or text labels and ¥ are the
logits corresponding to a nities between the image and text features.

To extend the pretrained model to handle sheye images with similar delity
as perspective images, we propose Distortion Extenders (DEX) to model distor-
tions observed in the image and to correct for the covariate shift in values of
the latent embeddings stemming from sheye distortion. To this end, the crux
of our method lies in a set of modulators that translate the latent embeddings
of sheye images such that they resemble those of perspective images; the result
of which is a latent alignment of sheye image embeddings to the distribution
of perspective image embeddings. This naturally necessitates two steps: (1) de-
termine the degree of distortion and their e ect on the latent embeddings and
(2) determine the modulation necessary to correct for their e ect. To make the
modeling of the broad range of distortions tractable, each Extender serves as a
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