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Abstract— Georectification underpins many satellite imagery ap-
plications, yet conventional approaches often depend on ground
control points, detailed camera models, and large external datasets,
leading to substantial computational cost and latency that limit use
in near-real-time applications. We present a two-stage pipeline
that aligns unreferenced images to georeferenced reference images
using only the image content. A particle filter performs coarse
localization by comparing ResNet-50 embeddings of the new image
to a database in cosine similarity space. The localized image is
then finely registered to the matched reference via SIFT correspon-
dences, yielding a homography that maps to geographic coordinates.
Satellite motion over the region of interest is modeled as locally
linear to permit sequential refinement of the pose. The method does
not require metadata, pose priors, or camera calibration, reducing
the complexity of the system. Validation on unprocessed Level 0
(Lo) imagery against publicly available GEOTIFFs shows initial
geolocation within a range of 60-100 meters and refinement to 13
pixels RMS (approximately 6.5 meters), with a runtime of about one
minute per collection of approximately 150 images.
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1. INTRODUCTION

Georectification is essential for a wide range of applications
that rely on accurate satellite imagery [1] [2]. There is a
large variety of applications that rely on georectified images,
such as Earth science [3] [4], disaster monitoring [5], [6],
and agricultural analysis [7]. In these contexts, accurate
geolocation is critical for maximizing the utility of satellite
imagery.

Conventional georectification techniques rely on ground con-
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trol points, extensive external datasets, and complex camera
models [8], [9] that demand significant computational re-
sources [10] and can take up to a day to run. This latency
limits the volume of data that can be processed and restricts
the volume of downlinked imagery analysis. Often, insights
of a region of interest are necessary within time windows as
small as 90 minutes (or an orbital period). Therefore, there is
a gap in methods that enable real-time decision-making. [11]

To address these challenges, we propose a method that
performs image-based geolocation through a two-stage ap-
proach: First, a particle filter is used to estimate a coarse
camera pose by comparing feature embeddings extracted via
a ResNet-50 neural network [12] from a newly captured
unprocessed image (named level 0, or Lj) to those from
a georeferenced image (named level 3, or L3) of the same
region. Once the filter converges, a keypoint matching algo-
rithm (in this paper, we use SIFT [13]) is applied to register
the unlocalized image to the georeferenced one. Because
the reference image is tied to known geographic coordinates,
these correspondences allow for accurate pixel-level geoloca-
tion. The satellite’s motion over the short imaging interval is
modeled as linear within a defined region of interest (ROI),
enabling sequential refinement of the position estimate. The
proposed method was validated against GEOTIFFs from a
conventional satellite imagery pipeline and found accurate to
a ground sample distance (GSD) of 6.5 meters RMS.

The key contributions of this work are as follows: 1) A novel
sampling-based (particle filter) pipeline for fast tiling of L
images against georectified L3 images. This geolocates L
images to within 60 to 100m of their true locations. 2)
A subsequent, more conventional feature-matching step that
georectifies the images to within 6.5m RMS. We also present
an as-projective-as-possible (APAP) [14] pipeline for images
of locations where the planarity assumption of a homography
is not completely valid (e.g. in regions with mountainous
terrain)

2. RELATED WORK

Recent work in satellite image georectification spans rigorous
sensor and surrogate models, learning-based pipelines, and
classical registration methods. Rigorous models, such as
Rational Polynomial Coefficient (RPC)-based orthorectifica-
tion [9], [15] combined with Digital Elevation Maps (DEMs)



and modest bias or block adjustments [16], are widely used
and can yield high accuracy. At the same time, running
these workflows over large image collections or under on-
board constraints often introduces non-trivial computational
and latency costs, owing to tie-point extraction, optimization,
elevation queries, and repeated resampling.

Learning-based approaches [17] [18] have shown promise
in handling appearance variation and sensor differences by
replacing hand-crafted correspondences with learned fea-
tures [18], matchers [19], or direct geometric predictors [20].
Nevertheless, many current models depend on GPU class
inference and sizable memory footprints, which can limit
practicality in large-scale processing or embedded deploy-
ments.

Classical techniques, for example projective or polynomial
warps [21], thin-plate splines, and area, or feature-based
matching, remain useful when metadata are limited, but the
required search space grows quickly with larger baselines
and geometric or radiometric changes. Without reliable
priors, they may require dense correspondence, many control
points, or assumptions that break down over significant relief
unless supported by a DEM. Related work in terrain-relative
navigation highlights that terrain cues can help constrain
geometry, but typically assume accurate elevation data and
sensor-specific tuning, which can constrain generality.

Across these categories, some form of prior information is
required. Rigorous formulations depend on orbit and attitude
estimates together with camera models or their surrogates,
often refined with DEMs and ground control. Classical
warps are based on well-distributed control points or stable
reference imagery. Learning-based pipelines inherit priors
through curated training data and may still require coarse
geolocation or ephemeris to bound search. In all cases,
performance tends to degrade when these priors are weak,
sparse, or inconsistent.

3. BACKGROUND
Keypoint Matching

Traditional keypoint matching algorithms rely on predefined
heuristics to detect salient features and compute descrip-
tors based on local image gradients. Techniques such as
SIFT [13], ORB [22], and VLAD [23] follow this paradigm
by identifying distinctive points in an image and comparing
their descriptors to establish correspondences across views.
These methods offer key advantages: they are inherently
invariant to changes in scale, rotation, and, to some extent,
illumination. Additionally, they are computationally efficient
and do not require training data, making them attractive for
deployment in resource-constrained environments. However,
their performance degrades significantly with low-texture
regions, repetitive patterns, or under challenging lighting
conditions, where reliable keypoint detection and matching
become difficult.

More recent approaches have employed machine learning
techniques such as LoFTR [24] to achieve more robust feature
matching, particularly under challenging imaging conditions.
Transformer-based methods offer a key advantage: they
jointly encode both images and directly predict dense pixel-
to-pixel correspondences, capturing contextual information
and long-range dependencies. However, this increased ro-
bustness comes at the cost of significantly higher computa-
tional demands and the need for large volumes of training

data, distinguishing them from traditional computer vision
methods which are lightweight and training-free.

Homography

A homography is a 2D projective mapping between two
images that describes how points on a single 3D plane, or
all points under pure camera rotation, transform between
views. In homogeneous coordinates x = [z, y, 1]° and
x? = [27, 4°, 1], the relation is X'  H x with H 2 R® 3
defined up to scale, i.e.

" # 0 — Pz + hioy + s
H= Z; Z;i Z;i hg1z + hgoy + hgs’
h31 h32 h33 ’ 0 — h213j + h22y + h23

" ha1x + haoy + hag’

(1)

For a planar scene with unit normal n at distance d, camera
intrinsics K, and relative motion (R,t), the inter-view ho-
mography is

H=K R — K ' (2)

Image Embeddings

A common approach to extracting features from images
is through the use of image embeddings—compact, fixed-
length representations generated by neural networks, most
commonly convolutional neural networks (CNNs). Popular
CNN architectures include ResNet [12], GoogLeNet [25],
and AlexNet [26]. These embeddings capture the most salient
visual characteristics of an image and facilitate downstream
tasks such as classification, similarity matching, retrieval, and
filtering.

In a CNN, the early layers typically detect low-level fea-
tures such as edges and corners, while deeper layers extract
higher-level patterns, including textures, shapes, and object
parts. Toward the end of the network—often in a fully
connected or projection layer—these hierarchical features are
flattened or pooled into a fixed-dimensional feature vector.
This vector constitutes the embedding, which provides a
semantically rich and compact representation of the image
suitable for comparison and matching in high-dimensional
feature space [27].

Probabilistic Estimation

Probabilistic estimators such as particle filters are particu-
larly well-suited for problems involving nonlinear dynamics
and non-Gaussian noise. Unlike filters that assume uni-
modal or Gaussian distributions (e.g., Kalman or Extended
Kalman Filters), particle filters represent uncertainty using
a set of weighted samples, allowing them to approximate
arbitrary probability distributions. This makes them effective
for state-estimation tasks where the system exhibits multi-
modality, measurement ambiguity, or complex, non-analytic
noise characteristics. A particle filter starts by drawing N
particles zj of a state x(t) from a prior p(x) and initializing
the weights of particles w(t)
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