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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]T and
x' = [/, y, 1]7, the relation is x' ~ H x with H € R3*3
defined up to scale, i.e.
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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

.
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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 x; of a state x(¢) from a prior p(x) and initializing
the weights of particles w(t)

1

x;(0) ~ p(x(0)), w;(0) = N for 1=1,---,N 3)
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Figure 1. The proposed algorithm uses a two-stage pipeline to perform georectification. First, a particle filter does coarse
geolocalization, followed by keypoint matching for fine pixel-by-pixel georectification.

Each particle is propagated using the system dynamics, mod-
eling the process noise:

zi(t) ~ p(a(t) [ zi(t —1). )

Then the importance weight based on the likelihood of obser-
vations z(t) are computed by

wi(t) = p(z(t) | zi(t)), Q)

which are a representation of the likelihood of an observation
given the particle’s state. After the weights are normalized,
the N particles x;(t) are resampled with replacement propor-
tional to their weights in a categorical distribution:

i(t) = C({z; ()}, {w; (1)}) ©)

The weights are also reset after resampling, where

wi(t) = = @)

There are many strategies for choosing the best particle based
on weights. Some methods include the weighted mean of the
particle set at each time step [28], choosing the Maximum
A Posteriori [29], or fitting a gaussian distribution to the
particles [30].

4. SYSTEM OVERVIEW

The system implements a two-stage pipeline that takes an un-
referenced image sequence and produces georectified output
suitable for rapid analysis and downstream mapping. The first
stage delivers a coarse geographic estimate for each image
using appearance similarity against a precomputed reference,
and stage two refines this estimate through geometric align-
ment to a georectified and orthorectified image of the same
region. Figure 1 summarizes the data flow.

Inputs are (i) an image collection to be georectified, (ii) a
georectified reference mosaic for the region of interest, and
(iii) an optional coarse ground track prior. The reference
mosaic is tiled and indexed offline, and image descriptors are
precomputed to support low-latency lookup at runtime. At
execution, images from the collection are processed sequen-
tially: stage one proposes a location hypothesis with uncer-
tainty, stage two resolves a precise image to map transform,
and the system writes a georectified product with associated
quality metrics. The design is model-agnostic and does not
require ground control points or sensor calibration.

Stage One: Coarse Localization

The first stage estimates a coarse location by comparing the
descriptor of the incoming unprocessed image to the descrip-
tor index of the reference georectified mosaic. A particle

filter aggregates evidence over the region of interest and
maintains a distribution over candidate locations. The filter
uses appearance similarity as a measurement signal and a
simple kinematic model along the ground track as the process
model. This stage returns a mean location and an uncertainty
ellipse that bounds the search space for fine georeferectified.

Stage Two: Fine Georectification

Given the coarse hypothesis, stage two aligns the incoming
image to the matched reference tile using keypoint-based
correspondence and robust estimation. The resulting inliers
are used to compute a planar transform (homography) that
maps image coordinates to the reference frame, after which
the image is resampled into the target map projection. This
stage outputs the georectified image, the estimated transform,
and summary statistics such as inlier count and residual error
to support downstream quality checks.

Trajectory-Aware Coarse Localization

To recover images acquired before the coarse filter has sta-
bilized, the system applies a locally linear motion model
along the ground track to propagate the first converged pose
backward in time. These backfilled poses seed the fine
georectification stage, allowing the system to georectify early
frames that would otherwise be discarded. As the sequence
proceeds, poses are refined forward using the same kinematic
model, which reduces drift and improves temporal consis-
tency.

Operational Characteristics

The pipeline processes a typical collection of approximately
150 images in about one minute on a single core of an Apple
M4 Max Processor, including descriptor lookup, coarse in-
ference, and fine alignment. Because descriptors are precom-
puted for the reference mosaic and search is bounded by the
coarse stage, compute and memory footprints remain stable
as archives grow. The system exposes simple interfaces for
swapping descriptor backbones or keypoint matchers with-
out changing orchestration, and it adapts to coarse estimate
degradation: if coarse localization confidence is low, the
fine stage expands its search. This architecture emphasizes
low latency, minimal external dependencies, and consistent
outputs across heterogeneous sensors.

5. COARSE LOCALIZATION
Coarse Localization with CNN-based Particle Filtering

We first summarize the geometry of the SkySat capture
that serves as the rectified reference for matching individual
camera frames. The payload comprises three CMOS cameras
with overlapping fields of view when projected to the ground.
During imaging, the spacecraft slews the array to generate a
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Figure 2. The SkySat camera has three sensors with a slight
overlap. During a collection, the three sensors’ offset
geometry forms a tuning fork shape.

contiguous strip. Due to the offset of the central sensor, the
composite strip exhibits a tuning fork pattern, as illustrated in
Figure 2. The georectified strip, here called the L3 image,
provides the reference for geolocating features in instanta-
neous frames, here called the L images. Coarse localization
proceeds in two steps: (i) extract embeddings from L3 and
(ii) run the particle filter that compares Ly embeddings to the
L3 index.

Ls Embedding Extraction

The L3 image is partitioned into grid cells sized to be com-
parable to the Ly frames. Each cell is passed through a
ResNet-50 convolutional network to obtain a descriptor used
for fast similarity lookup. A practical consideration is that
strips can be arbitrarily oriented. Simple axis-aligned tiling
with uniform spacing can yield many tiles with little useful
overlap and can produce content whose orientation differs
from the corresponding L, frames, increasing computation
without improving discrimination. The embedding index is
therefore constructed with attention to the strip extent and
orientation to maintain coverage while avoiding unnecessary
tiles.

Geospatial Tessellation of the Reference Mosaic

To reduce wasted computation and orientation mismatch,
the system employs a geospatial tessellation aligned to the

Grid cells

Minimum Rotated Overlap

Rectangle

L3 Image

Figure 3. Illustration of the geospatial tessellation scheme
to generate the L3 grid cells. A minimum fit rectangle
determines the azimuth angle of the image. This azimuth
angle informs the generation of grid cells at a specified
overlap.

capture footprint. The Lg strip is first vectorized to obtain
a polygonal boundary. We compute the minimum area
rectangle of this footprint and use its azimuth to orient the
grid. The polygon is then tessellated with given cell size
and overlap, producing chips that follow the geometry of the
strip, as shown in Figure 3. Each chip is passed through the
convolutional network to generate an embedding that is stored
in a local index for low-latency retrieval. As an example,
tessellating a 27887 x 39234 L3 raster with 2560 x 1080 cells
at 90% overlap produced 1499 chips (Figure 4).

Farticle Filter Setup

The coarse rectification module treats incoming Lg frames
as observations of a latent ground pose relative to the Ls
reference. The objective is to assign each frame a plausible
location on L3 while estimating the motion along the track.
A particle filter maintains a weighted set of hypotheses and
iterates predict, weight, and resample steps using appearance
similarity as the measurement signal [31]. Figure 5 outlines
these stages and their data flow.

Initialization—Initialization defines a set of N, particles and
associated weights. Each particle denotes a candidate ground
location of the image boresight at the time of exposure, and
its weight reflects the prior plausibility of that hypothesis on
the L3 reference. Because motion is largely confined to a
camera-specific ground track corridor (Figure 2), the initial
sampling region is conditioned on the camera that produced
the Lo frames, which reduces search time and improves
convergence. When no additional prior is available, the
weights are set uniformly; if a weak track prior is available
from the timing or the strip geometry, the weights are biased
accordingly. Particles outside the Lg footprint are rejected
and redrawn to maintain coverage of the valid search region.

To ensure consistent handling of orientation, the polygonal
footprint extracted from the L3 image (Figure 4) is repro-
jected to an Oblique Mercator frame [32] so that the strip
is vertically aligned in the inverted tuning fork configuration
shown in Figure 2. With this convention, particle positions
are initialized near the center of the topmost frame for each
camera strip, using a uniform distribution. An additive O-
mean process noise, with standard deviation o, is also added
to the generated location of the particles. Figure 6 shows an



example initialization of particles for Cam 2. The position
of particle i is represented by the Cartesian pair (xz;,y;). At
initialization, all particles are assigned equal weight,

Motion Model—The motion model advances particle loca-
tions between iterations. Each SkySat camera traverses its
respective strip, which admits a simple iterative update along
the vertical axis in the chosen projection:

T = N(Oaap)

) 9)
Yij =Yij—1 — Ay(j—1) + N(0,0,)

where x; ;, and y; ; are the horizontal and vertical coordinates
of particle ¢ at iteration j, Ay(j — 1) is the step length, and
N(0, 0,,) denotes random noise with mean 0, and o, standard
deviation.

0 ifj=1,

Ay(j — 1) = { strip length — L height (10)

otherwise.

Nimg — 1

Here, strip length denotes the full extent of the camera strip
(Figure 2) and L height is the height of each L frame. In
this projection the scan direction is consistently downward,
so motion is confined to the vertical axis.

The filter operates independently per camera stream. For each
camera, the timestamped sequence of Lj images is processed

in order: an embedding is computed for the current L, frame
and compared against the indexed L3 embeddings.

ymewood

Vestavia Hills

L3 Image

Polygonized capture

Farticle Update—The update step reweights particles to em-
phasize hypotheses whose associated L3 chips best match the
current L frame. Let e; be the embedding of the Lg image at
iteration j, and let £, collect the embeddings of the L3 chips
tied to the current particle locations. Similarity is measured
via cosine similarity,

E, ¢e;
piles By) = [t (11)

;I 1 Epll”

where p; is a vector of length IV,. A temperature scaled
softmax converts similarities to weights,

_ explpy/T)
T Xexp(p;/T)
with T a tunable temperature. Negative similarities are

clipped to zero prior to normalization to reduce the influence
of outliers, and weights are then normalized,

(12)

o wy
> wj

The boresight estimate and its confidence are computed as the
weighted mean and variance of the particle set,

NP NP
s [ it Wi Dt Wil 14
(xjvy])_ ) ) (14)
2o w; 2 wj

w; (13)

N, ~ N2
D im Wi (Tij — 25)

N, (2
52— 2uiz1 Wi (Yij — U5) (16)
v > wj 7

Vestavia Hills

Grid cells

Figure 4. Example grid cell generation used for generating the embeddings of an L3 image. The L3 image is vectorized into
a polygonized capture and then tessellated into grid cells. These grid cells are then used to generate embeddings for the
particle filter.
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Figure 5. Particle filter workflow for coarse localization.
After initializing particles each iteration performs motion
prediction, weight update based on image-reference
similarity, and resampling proportional to the updated
weights. The loop repeats until the iteration counter exceeds
a specified maximum, at which point processing stops.
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where (Z;,7;) is the estimated boresight position, Jij and

O’Zj are the coordinate variances, and o is the approximate

95th percentile confidence radius.

Farticle Resampling— Resampling generates a new parti-
cle set for the next iteration. A cumulative sum (inverse
CDF) scheme draws N,, samples proportional to the current
weights, yielding a population biased toward high weight
hypotheses. After resampling, weights are reset uniformly
as in Equation 8. The predict-update-resample cycle then
continues for the remaining L, frames in the camera sequence
(Figure 5).

6. FINE RECTIFICATION

After the particle filter provides a coarse localization of the
incoming image, a fine georectification stage assigns geo-
graphic coordinates to individual pixels. This stage aligns the

Figure 6. An example initialization of 1000 particles on a
Cam 2 strip of an L3 image. All particles (in light green)
initialize around the region with highest similarity in the L3
image.

unprocessed L image to a reference L3 product for which a
map projection and geotransform are known.

The alignment proceeds by extracting keypoints and descrip-
tors from the Ly image with SIFT [13]. Other detectors and
descriptors such as FAST [33], BRIEF [34], or FREAK [35]
are compatible. SIFT was chosen for this example due to
superior accuracy compared to other methods. Descriptors
are matched against a preprocessed database of keypoints
computed once from the L3 reference. The coarse pose prior
restricts the search region and expected scale range, which
reduces run time and improves match quality. Tentative
correspondences are filtered with a ratio test and mutual
checks, then verified geometrically.

The L3 keypoint descriptors are stored with explicit geo-
graphic coordinates, forming a library of thousands of geo
referenced descriptors. The coarse localization defines a
search space within this library to limit candidate matches,
reduce memory traffic, and lower the chance of false pos-
itives. This search space is derived from an experimental
characterization of the coarse estimator, where an average
covariance of the pose errors sets its extent. In practice, the
spatial window is computed at the L3 ground resolution and



padded by three standard deviations of the coarse error in
each dimension, which yields a compact candidate set while
preserving high recall.

)

Figure 7. Keypoints (in this image, blue ORB keypoints)
and descriptors store information of salient image features
from an L3 image and also detect the same features in a
different L image

Verified matches support the estimation of a homography that
maps pixel coordinates in Lg to the L3 image. Because the L3
product already carries a mapping from pixels to geographic
coordinates through its geotransform, composing the homog-
raphy with that mapping yields geographic coordinates for
each L pixel. Where the L3 mapping is locally affine in the
projected space, this composition is straightforward and can
be applied at raster or feature locations.

Several parameters govern accuracy and throughput. Useful
controls include the number of octaves and the contrast and
edge thresholds, the descriptor distance metric, the ratio test
threshold, and the inlier threshold and maximum iterations
in the robust homography estimator, for example RANSAC.
Minimum inlier counts, keypoint density, non maximum sup-
pression, and limits on match ambiguity help in low texture or
repetitive areas. The coarse localization prior can also bound
candidate orientations and scales to further reduce run time.

Feature-based methods (e.g., SIFT) remain effective under
modest cloud cover because they anchor on repeatable local
structure—terrain edges, road networks, and building cor-
ners. Heavy cloud or haze occludes texture and predictably
degrades matching. To improve robustness to seasonal
change (vegetation state, snow, shadow length), the reference
index should include multi-temporal imagery, and keypoints
should be drawn across seasons rather than from a single date.

The approach assumes that the scene is approximately planar
over the region of interest, so relief and off nadir viewing
can introduce residual error. On relatively flat terrain or at
high altitude, this assumption is often adequate. In areas with
significant topography, better results were obtained with an
as-projective-as-possible [14] piecewise warp model. In such

Figure 8. The homography overlays the unprocessed L
image (in grayscale) onto a georectified L3 (in color),
making use of the L3’s geographical mapping of each pixel
to rectify the L.

cases, the piecewise model compensates for terrain warp at
the expense of longer computation times.

7. EXPERIMENTS

We evaluated the approach on an archival set of publicly
available SkySat scenes with a nominal ground sampling
distance of 0.5 m. For a trial pass, we selected five geograph-
ically distinct locations and processed each as a sequence
of approximately 150 consecutive images. The pipeline
was run without location-specific tuning beyond the coarse
localization stage described earlier.

Coarse Localization

The parameters used to setup the particle filter are presented
in Table 1. We used 4 datasets to evaluate the performance of
the pipeline, resulting in a total of 10 cloud-free with all the
three cameras. It was found that datasets with images that had
clouds, and poor-brightness would result in poor performance
of the the particle filet. Processing the camera datasets
separately allowed us to filter-out these performance losses.
Each dataset had 180 — 684 L, images per camera. The
coarse localization ran on a MacBook Pro with an M4 Max
processor with 36 GB memory, where the total processing
time was about 130 ms per L image, and about 63 ms of
this was spent on the particle filter loop.

Figures 9-11 present the results of coarse localization on
each of the three cameras respectively. In of these cases,
the predicted camera boresight was confined to the camera
lanes as seen here. As noted here, the particles tend to
converge to tightly packed clusters, due to the resampling step
of the particle filter. It must be noted here that the estimated
boresight track is essentially formed from the particles, where
the ResNet embeddings of the Ly and L3 match. Figures 10,
and 11 also show some effects of running coarse localization
on datasets with clouds: We see particles avoiding the clouds
and trying to cluster around brighter areas nearby, resulting



Particles at an
intermediate step

L3 Image

Weight

AL7S

Huffman

o134,

134
0.0012 Roebuck /

7 A ¢
0.001 \ # =
» ; -

0.0008

%

59

0.0006

s>mewood

0.0004 g Vestavia Hills

Estimated boresight track

Figure 9. Example Coarse localization on a Cam 1 dataset showing the L3 image (left), particle filter at an intermittent
timeframe (center), and the estimated boresight trajectory (right)

Table 1. Parameters used to setup the Particle Filter.

Parameter Value
Lo Height 1080 px
Ly Width 2560 px
Noise, o, 50 px
Number of particles, Np 1000
% Overlap 90%
Temperature, T’ 0.1

in an apparent drift. However, this effect is then compensated
during the Fine rectification step provided the image contains
sufficient features.

Fine Georectification

After the particle filter converges, fine georectification uses
the estimate of all boresight tracks to calculate the search
space of keypoints for each image. For qualitative visualiza-
tion, we overlay the L frames on the L3 reference used in the
fine stage. The Ly images are shown in grayscale while the
L3 image remains in color to make residual misalignments
apparent. Figure 2 displays one full pass as a swath of L
footprints over the L3 background. In this example we use
SIFT [13] for highest match quality; Table 2 lists the parame-
ter settings. After estimating a homography from SIFT inliers
between each Ly frame and its matched Lj tile, we warp
the Ly image into the L3 frame and assess alignment using
the same SIFT configuration. Correspondences against the
georeferencing reference provide an independent planimetric
error estimate. Over a dataset of 169 images, the mean
root-mean-square error is 6.5 meters, which corresponds on
average to 13 pixels at 0.5 m GSD.

Quality control follows a consistent procedure. For each

Table 2. Parameters used to setup SIFT matching

Parameter ‘ Value ‘
nFeatures 0
nOctaveLayers 3
Os 1.6
contrastThreshold 0.04
edgeThreshold 10
kNN inlier threshold 0.6

frame, we use the estimated homography to warp the Lg
image into the coordinate system of its L3 reference. We then
perform SIFT matching between the warped Ly and the L3
image. For every verified correspondence, we compare pixel
coordinates and compute the residual. The average root mean
square residual in pixels is converted to geographic distance
using the known ground sampling distance, which yields an
error estimate in meters for that frame. Aggregating these per
frame values over a pass provides summary statistics for each
site.

On a MacBook with an M4 Max processor, processing an
entire scene of roughly 150 images completed in about one
minute with the parameter settings used here in a single
core CPU workload. For context, a workflow based on
traditional rational function models and full orthorectifica-
tion, including bias refinement and resampling over a digital
elevation model, required hours to days in our environment.
While absolute timings depend on implementation details and
hardware, the relative difference was consistent across the
five sites.
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Figure 11. Example Coarse localization on a Cam 3 dataset showing the L3 image (left), particle filter at an intermittent
timeframe (center), and the estimated boresight trajectory (right)

8. CONCLUSIONS

The proposed method offers substantially lower runtime than
classical approaches while avoiding reliance on ground con-
trol points and remaining model agnostic with respect to

sensor- and vendor-specific camera models. In practice, it
processes a collection in approximately one minute, enabling
fast decision making in time-sensitive settings such as rapid
mapping, event monitoring, and tasking feedback. By elimi-



Figure 12. Example of a georectified Ly image (in grayscale) on top of a L3 product (in color). Notice how the features
around the edges align between the two images. An RMS of 6.5m was achieved.

nating site-specific control and detailed model calibration, the
pipeline reduces pre-deployment overhead and simplifies in-
tegration across heterogeneous sensors and archives. The low
computational cost further enables deployment on resource-
constrained platforms and supports large-scale production
without extensive infrastructure.

These properties make the method well suited for scenar-
ios where timeliness and operational simplicity are primary
constraints. However, several aspects merit further study.
Additional evaluation under noisier reference satellite data is
needed to fully characterize robustness. While the particle fil-
ter is expected to tolerate partial cloud coverage, a systematic
analysis of varying cloud conditions and their effect on lo-
calization accuracy remains future work. Seasonality effects,
including changes in vegetation and appearance, may also
impact embedding consistency and should be explicitly eval-
uated. Finally, although strong performance is demonstrated
with the current embedding architecture, the framework is not
architecture dependent, and exploring alternative embedding
models, such as transformer-based approaches, represents a
promising direction for improving robustness.
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