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Abstract—Just as animals rely on visual perception and geo-
metric understanding to navigate the 3D world, modern comput-
ers emulate this ability through Simultaneous Localization and
Mapping (SLAM), image-based 3D reconstruction, and visual
place recognition techniques, all relying on image features for
obtaining correspondences. However, most feature extraction
methods handle only affine transformations, ignoring non-rigid
deformations, ubiquitous in the real-world. This work investigates
deformation-aware local features, leveraging RGB-D images to
compute geodesics, where RGB denotes the visible channels (Red,
Green, Blue) and D represents image depth. Then, we generalize
the concept to RGB-only images via learned representations. We
introduce a novel RGB-D dataset with non-rigid deformations for
real-world benchmarking, where experiments showed significant
improvements in foundational vision tasks as matching and
registration when adopting our proposed strategies. Finally, we
present an efficient local feature extractor, balancing accuracy
with reduced computational cost, expanding visual perception
for mobile computers.

I. INTRODUCTION

For over two decades, keypoint detection and local feature
description have been central to image matching, supporting
tasks as Visual SLAM [1], Structure-from-Motion (SfM) [2],
[3], and image retrieval [4], [5], which rely on pixel-level
and image-level correspondences for subsequent processing.
Since the Scale-Invariant Feature Transform (SIFT) [6], nu-
merous descriptors have emerged, categorized by input type
(intensity/depth) and design (handcrafted/learning-based). Fast
processing is crucial, driving research on binary features [7],
[8] to efficiently establish correspondences. Feature invariance
to geometric and photometric changes is fundamental [9],
yet most descriptors achieve approximate affine invariance,
struggling with non-affine changes. We show that explicitly
modeling invariance significantly enhances robustness in chal-
lenging image matching scenarios, as shown in Fig. 1.

Geometric information, such as depth images, has gained
popularity for computing distinctive feature descriptors [15],
[16], offering robustness to lack of texture and improving
rigid surface descriptions. Multimodal approaches combin-
ing intensity and depth data enhance keypoint descriptions
but struggle under strong affine or non-rigid deformations.
Since real-world objects often undergo isometric deformations
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Fig. 1.

Visual matching under strong changes in viewpoint and illu-
mination conditions. Our lightweight descriptor (XFeat) stands out with its
dual ability to perform both sparse and semi-dense matching, providing fast
feature extraction for a wide range of applications from visual localization
with sparse matches to 3D reconstruction with denser correspondences.

(where geodesic distances remain unchanged), capturing this
invariance is crucial for robust feature extraction. We study
isometry by designing local features with explicit isometric
sampling using RGB-D images. However, depth sensors suffer
from noise, miscalibration, and missing data, while depth
data itself is often inaccessible, making robust RGB-based
descriptors essential. Deep learning improves invariance to
illumination and perspective but remains weak against non-
rigid deformations, even with relevant training data. To address
invariance, we introduced novel strategies that incorporate
explicit deformation-awareness into deep learning frameworks
using single RGB images. Additionally, we highlight the over-
looked role of keypoint detection in deformation-aware meth-
ods and propose a joint detection-description framework opti-
mized for non-rigid surfaces. Finally, we present a lightweight
Convolutional Neural Network (CNN) based image matching



Local Features

Handcrafted

|

Texture [Geometric} { RGB-D Patches Det. & Descr.}
[ SIFT [6] Spin-Image [12] BRAND [15] TFeat [19] (LIFT [25]
HoG [10] HKS [13] MeshHoG [16]| |L2Net [20] SuperPoint [26]
BRIEF [7] ISC [14] CSHOT [17] HardNet [21] D2Net [27]
ORB [8] GEOBIT [18] LogPolar [22] R2D2 [28]
DalLl [11] GeoPatch [23]| | ASLFeat [29]
— DEAL [24] DISK [30]
XFeat [31]
DALF [32]

Fig. 2. Taxonomy of local feature extraction methods. BLUE BOLD highlights our contributions. Modern approaches are categorized as handcrafted
or learning-based, grouped by input modality. Most learned methods rely on RGB, with further division into patch-based and detect & describe paradigms.
Underlined denotes methods handling non-rigid deformations. Our work bridges gaps in RGB and RGB-D descriptors by integrating texture and geometric
cues, leveraging isometric invariance and explicit deformation modeling in deep networks.

solution that balances accuracy and computational efficiency,
achieving real-time performance on standard CPUs.

A. Contributions

This work advances local feature extraction invariant to non-
rigid deformations in RGB-D and RGB images in five key
contributions: (1) We introduce GeoBit (ICCV’19), a geodesic-
aware binary descriptor, and GeoPatch (CVIU’22), a learning-
based descriptor that efficiently samples pixels over geodesic
distances, enabling CNN-based training. (2) To overcome
depth dependence, we then propose DEAL (NeurIPS’21),
an end-to-end trainable architecture embedding geometric
transformations directly into CNNs, achieving state-of-the-art
results on real-world data. (3) Extending DEAL, we develop
DALF (CVPR’23), a joint keypoint detector and descriptor
trained end-to-end for deformation-aware local features. (4)
We provide an RGB-D benchmark with 11 real-world objects
and a large synthetic dataset, including ground-truth dense
flow fields for evaluating non-rigid matching. (5) Finally, we
present XFeat (CVPR’24), a compact CNN for local feature
extraction, offering a 5x speedup over existing methods while
maintaining competitive accuracy.

Our works establish a principled framework for learning
deformation-invariant representations, enabling computers to
perceive the world through robust, structure-aware understand-
ing of non-rigid transformations. In parallel, we introduce effi-
cient deep networks for real-time image matching, advancing
the design of compact and discriminative feature represen-
tations that expand the perceptual intelligence of computers
across practical and constrained computing environments. All

code and datasets are available at https://www.verlab.dcc.
ufmg.br/descriptors.

II. RELATED WORK

Local feature extraction has transitioned from handcrafted
techniques to learning-based approaches. Traditional methods
such as SIFT [6] rely on image gradients and blob detection to
extract stable keypoints. To explicitly introduce deformation
invariance, methods such as DaLl [11] leveraged computa-
tional geometry to improve the invariance to deformations.
More recently, unified learning frameworks have integrated
keypoint detection and description [26], [28], [29], enhancing
efficiency and robustness compared to decoupled approaches.
Despite advances in feature representation, current hand-
crafted and deep-learning-based methods suffer from high
computational costs. Furthermore, modern descriptors lack
explicit deformation handling and are expensive to employ
in high-resolution images, essential for image matching.

A. Research Contextualization and Relevance

Fig. 2 provides a comprehensive overview of existing litera-
ture, with our contributions (highlighted in blue) advancing lo-
cal feature representations. We introduce three key approaches:
(1) Geodesic-Aware Descriptors, which exploit RGB-D depth
data to ensure isometric invariance while maintaining robust-
ness to rotation and scale; (2) Deformation-Aware Descriptors,
which learn geometric transformations from RGB images
using spatial transformers and reinforcement learning; and (3)
Accelerated Features, where we devise strategies to push the
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Fig. 3. Geodesic-awareness in local feature extraction. Our method processes an RGB-D image through a preprocessing step to reconstruct a consistent
mesh, followed by the geodesic mapping function f(.). This mapping function is then used to sample the intensity field of the texture image (geodesic-aware

feature extraction), ensuring deformation invariance by design.

efficiency limits of deep learning for feature extraction while
preserving competitive accuracy and robustness.

III. GEODESIC-AWARE DESCRIPTORS

The proposed geodesic-aware methods [18], [23] leverage
intrinsic surface properties to achieve invariance to non-rigid
deformations, making them naturally suited for analyzing de-
formable surfaces in RGB-D data. By modeling the surface as
a smooth 2D manifold, our methods extract isometric-invariant
visual features through geodesic isocurves, which inherently
preserve the surface’s intrinsic geometry. The approach con-
sists of two key steps: first, computing a geodesic mapping
function from depth maps, ensuring invariance to isometric
deformations; second, extracting distinctive features from pixel
intensities. Let K = {k; € R?}Y, denote a set of keypoints
in the image domain, and let I : Q — R* be an RGB-D image
defined over the pixel grid Q C R2 We consider a mapping
m: I — M, where M = (V,E,C) is a colored mesh with
vertices V C R3, edges &£ defined by the grid neighborhood,
and vertex colors C : V — R3. This formulation enables
geodesic computation directly on the reconstructed surface
while preserving photometric information.

Mapping function computation. To enhance robustness, we
perform depth preprocessing to mitigate noise and fill missing
values through denoising and hole-filling, ensuring a reliable
surface representation. Then, the geodesic mapping function is
computed via heat flow [33] or a more efficient local geodesic
expansion method proposed in GeoPatch [23], preserving
intrinsic geometry and allowing invariant feature extraction
under surface deformations. In Fig. 3, the method preprocesses
an RGB-D image and keypoints to reconstruct a surface mesh.
For each keypoint x;, the isocurve set is defined as the set of
mesh points whose geodesic distance to x; lies in a discrete
set of radii, i.e., N; = {x; | dg(x;,x;) € R}, where d¢ is
the geodesic distance and R = {r} for k discrete values.
The mapping f samples the image intensity at these points
and, considering discrete in-plane rotations {6;} C © for [
discrete values, constructs a geodesic patch P; € RN»xNoy

where N, and Ny are the numbers of radii and rotations
(e.g., 32 x 32), with the z-axis indexing rotation and the y-
axis indexing geodesic radius. These rectified patches are then
used as input to geodesic-aware feature extractors, either hand-
crafted (GeoBit) or learned (GeoPatch), to produce invariant
local descriptors.

Descriptor extraction. Two novel descriptors, GeoBit and
GeoPatch, employ the geodesic-aware strategy using the pro-
posed mapping function. GeoBit encodes visual information
using binary intensity tests on the geodesic coordinates, while
GeoPatch utilizes a shallow CNN trained using the geodesic
patch representation with a ranking loss on synthetic data, as
detailed in Fig. 3.

IV. DEFORMATION-AWARE DESCRIPTORS

In contrast to geodesic-aware descriptors that rely on metric
depth data, we introduce a deformation-aware local descriptor
DEAL [24] that uses solely RGB images to extract discrimina-
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Fig. 4. Proposed formulation for computing descriptors of deforming
objects. The non-rigid warper undeforms local patches by estimating warp
parameters 6;ps from global ResNet features X, using two spatial transform-
ers and a TPS regressor. Gy is an identity polar grid with predefined radius
that is warped by the learned transformation into Gy. Rectified patches are
fed to HardNet to extract discriminant descriptors, and the model is trained
end-to-end with a hard triplet loss, whose objective is to pull hard negative
samples (sampled in-batch) beyond the margin .
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Fig. 5. Training strategy to learn to detect and describe keypoints robust to deformations. DALF net, composed of a U-Net CNN and a non-rigid

warper, outputs a keypoint heatmap K € R#*W
In the detector branch, K is optimized using the REINFORCE algorithm to

, where H and W denote the image height and width, respectively, and a set of local descriptors D € R128,

promote keypoint repeatability under deformations. In the descriptor branch, D

is learned with a hard triplet loss. The network is trained in a Siamese configuration using image pairs.

tive, deformation-invariant features from surfaces undergoing
deformation (e.g., humans, animals, or cloth).

Learning to deform. Due to the ill-posed nature of esti-
mating geometric transformations from single images, our
CNN integrates a Spatial Transformer Network (STN) [34]
that explicitly learns local surface deformations by estimating
differentiable Thin-Plate Spline (TPS) warps to rectify image
patches around keypoints. The TPS warps representing 2D
coordinate mappings R? — R? are used to model non-rigid
deformations in the architecture, allowing differentiable spa-
tial warping via attention mechanism. Unlike existing patch-
based (HardNet [21]) or dense methods (SuperPoint [26],
R2D2 [28]), DEAL encodes deformation cues into mid-level
CNN features (e.g., shadows, textures, local shape), explicitly
rectifying local regions via the learned non-rigid warp 0,
end-to-end as shown in Fig. 4, thus improving descriptor
invariance. Trained end-to-end with our proposed simulated
dataset, our differentiable approach achieves accurate corre-
spondences without requiring depth data and human labels,
significantly improving matching performance in challenging
real-world scenarios.

Learning keypoint detection & description. Considering
the main limitation of DEAL, which extracts deformation-
invariant features but relies on external keypoint detectors,
we subsequently proposed a novel unified framework, DALF
(Deformation-Aware Local Feature) [32]. DALF jointly learns
keypoint detection and description to robustly address non-
rigid image matching challenges. Existing deformation-aware
methods typically neglect the keypoint detection phase, signif-
icantly limiting their effectiveness under strong deformation
conditions. DALF overcomes this limitation by employing a
cooperative training strategy that simultaneously optimizes a
detection heatmap K and local descriptors D, both param-
eterized by a neural network 6. Specifically, DALF lever-
ages reinforcement learning via policy gradient to increase
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Fig. 6. Average MMA across all four non-rigid deformation datasets. Our
methods are highlighted in light red. On average, our proposed descriptors
achieve significantly better scores for matching non-rigid surfaces.

keypoint detection repeatability EX¥* | f(z) Vg log p(x)P™>]
under deformation, as shown in Fig. 5, promoting repeatability
and reliability of keypoints, while concurrently training the
descriptor to rectify and describe image patches invariantly us-
ing the differentiable TPS transformations from DEAL’s non-
rigid warper module. DALF does not require expensive human
labels or pseudo-ground-truth data, instead relying solely on
synthetically generated deformations as our previous methods.
Furthermore, DALF fuses distinctive mid-level CNN features
with deformation-invariant features through an attention-based
feature fusion layer, achieving a balanced representation that
remains robust under significant geometric and photometric
changes.

V. EXPERIMENTS WITH REAL NON-RIGID DEFORMATIONS

We conducted experiments on our proposed non-rigid image
matching benchmark [23], consisting of images of non-rigid
objects with real deformations. All of our proposed descriptors
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Fig. 7. Non-rigid registration under challenging scenarios. Our best
method, DALF, can achieve accurate non-rigid registration under large ro-
tations, illumination changes caused by deformations, and highly repetitive
patterns. In contrast, state-of-the art matching techniques produce low-quality
results in at least one of the challenging scenarios.

were trained on synthetic data and tested on real images.
We compare our proposed descriptors’ performance and that
of other detect-and-describe methods against state-of-the-art
approaches having available open-source implementation. To
that end, we introduced to the community a dataset’ of 11
deformable objects and 833 image pairs captured with Kinect
vl (manual annotation) and Kinect v2 (automatic annotation
via OptiTrack). Dense correspondences are also provided via
an intensity-based registration approach employing the sparse
pixel-level ground-truth as anchors. In addition, we enhanced
the deformable surface tracking (DeSurT) dataset [35] with
dense correspondences.

Results & discussion. The performance of all methods is as-
sessed using the top 2,048 keypoints. Figure 6 summarizes the
main results, comparing the proposed descriptors with current
state-of-the-art methods for keypoint detection and matching.
We use the widely recognized metric mean matching accuracy
(MMA), defined as MMA = |Sg|/|Kg4t|, which measures
accuracy over successfully detected keypoints K4 under a
pixel threshold. In the bar plot, it can be seen that our proposed
strategies significantly improve the quality of the matches in
the presence of non-rigid deformations. Worth mentioning is
the performance of DEAL and DALF, which only use RGB
images and are able to surpass multi-modal approaches such
as GeoPatch and GeoBit. This is because depth sensors come
with significant noise that is hard to mitigate in practice. Fig. 7
shows registration results on three challenging sequences.

VI. ACCELERATED FEATURES

In the previous sections, we addressed invariance and dis-
tinctiveness of local features under challenging transforma-
tions, introducing geodesic-aware and deformation-aware de-
scriptors with competitive computational performance. How-
ever, real-time tasks like robot perception, autonomous driv-
ing, and applications on embedded devices (e.g., lightweight
drones, [oT, augmented reality glasses) remain challenging due
to the computational demands of deep-learning-based local
feature methods.

Lightweight network. Motivated by the increasing availability
of mobile hardware capable of running lightweight neural

! Available at https://www.verlab.dcc.ufmg br/descriptors

networks, we introduce XFeat [31], a lightweight CNN archi-
tecture offering sparse and semi-dense matching in a single
versatile framework. XFeat combines a minimalist learnable
keypoint detection branch with a novel match refinement mod-
ule for efficient pixel-level correspondences without requiring
high-resolution feature maps. Our architecture significantly
improves the trade-off between computational efficiency and
matching accuracy, running up to 5x faster than comparable
lightweight methods while maintaining accuracy competitive
with heavier models, enabling real-time deployment without
specialized optimizations. An overview of the architecture is
shown in Fig. 8.

Detection & description In our network, we design an
efficient parallel branch for keypoint detection that leverages
low-level features, first representing the image as 8 x 8 local
grids of 64-dimensional embeddings and regressing keypoint
positions via efficient 1 x 1 convolutions, yielding a keypoint
embedding K € R"/sxW/sx(64+1) for fine-grained, fast, and
robust keypoint localization. Each local grid is responsible
for localizing one keypoint inside it. For the description
branch, a multi-scale feature pyramid merges representations
at {1/s,1/16,1/32} resolution to compute a dense but coarse
descriptor map F € R7/#x"/5x64 and a reliability map
R € R"/®*™/5 via convolutional fusion, enhancing local
feature robustness and feature matchability.

Dense matching. A lightweight dense matching module that
selects top-K reliable regions by R;; and uses a multi-
layer perceptron (MLP) for coarse-to-fine matching on F
is proposed. Let f, € Fy and f, € F3 be two coarsely
matched features obtained by traditional nearest neighbor
matching from an image pair (I, I5). We predict offsets o =
MLP(concat(f,, f;)), classifying the offset (x,y) that leads to
the correct pixel-level match at original image resolution. The
proposed stragegy significantly improves efficiency compared
to current semi-dense matchers [36], [37].

Experiments. We consider sparse (XFeat) and semi-dense
(XFeat*) setting using the same backbone; in the sparse
case, up to 4,096 keypoints are selected based on score =
K;; - R;;, with local descriptors bicubically interpolated
from F, while XFeat* leverages most regions in F using the
proposed dense matching approach. As shown in Fig. 9, XFeat
is Hx faster than the fastest alternative (ALIKE [38]), with
competitive sparse matching on MegaDepth [39] and state-
of-the-art performance on ScanNet [40] (please check some
qualitative matching examples in Fig. 1), demonstrating supe-
rior efficiency and generalization with compact descriptors.

VII. CONCLUSION

In this work, we addressed the challenge of learning local
image features that are robust to non-rigid deformations and
viewpoint changes, with a focus on two key aspects: invariance
and efficiency. Although large-scale foundation models have
gained prominence, domain-specific applications remain con-
strained by limited computational resources and insufficient
data. To mitigate these limitations, we introduced inductive
biases mechanisms for deformation invariance using RGB-D
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inputs, and further extended this approach to RGB-only set-
tings via a deformation-aware module that learns spatial priors
from data. We show that explicitly incorporating deformation
awareness results in compact representations that remain ro-
bust across diverse tasks, even under synthetic supervision.

To further improve inference efficiency, we proposed XFeat,
a lightweight CNN-based architecture that achieves a Pareto-
optimal trade-off between accuracy and computational cost for
local feature matching in several benchmarks. Its design fa-
cilitates deployment on mobile computers, enabling real-world
deployment. Future research directions include geodesic-aware
training without requiring depth at inference, learning from
synthetic 3D datasets with enhanced realism, and weakly
supervised training using image-level labels. Additional routes
involve dynamic feature selection to balance distinctiveness
and invariance, the development of more efficient learned
matchers, and quantization strategies for real-time applica-
tions. We hope that our research can guide future advances
toward robust, efficient, and scalable local feature extraction
in scenarios where large models remain impractical.
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