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N A V I G A T I O N

A seasonally invariant deep transform for visual  
terrain-relative navigation
Anthony T. Fragoso1*, Connor T. Lee1, Austin S. McCoy1, Soon-Jo Chung1,2

Visual terrain-relative navigation (VTRN) is a localization method based on registering a source image taken from 
a robotic vehicle against a georeferenced target image. With high-resolution imagery databases of Earth and 
other planets now available, VTRN offers accurate, drift-free navigation for air and space robots even in the 
absence of external positioning signals. Despite its potential for high accuracy, however, VTRN remains extremely 
fragile to common and predictable seasonal effects, such as lighting, vegetation changes, and snow cover. Engi-
neered registration algorithms are mature and have provable geometric advantages but cannot accommodate 
the content changes caused by seasonal effects and have poor matching skill. Approaches based on deep learn-
ing can accommodate image content changes but produce opaque position estimates that either lack an inter-
pretable uncertainty or require tedious human annotation. In this work, we address these issues with targeted use 
of deep learning within an image transform architecture, which converts seasonal imagery to a stable, invariant 
domain that can be used by conventional algorithms without modification. Our transform preserves the geometric 
structure and uncertainty estimates of legacy approaches and demonstrates superior performance under ex-
treme seasonal changes while also being easy to train and highly generalizable. We show that classical registra-
tion methods perform exceptionally well for robotic visual navigation when stabilized with the proposed 
architecture and are able to consistently anticipate reliable imagery. Gross mismatches were nearly eliminated in 
challenging and realistic visual navigation tasks that also included topographic and perspective effects.

INTRODUCTION
Remotely sensed database imagery is a common ground-truth map 
for visual terrain-relative navigation (VTRN). Onboard cameras are 
passive sensors ideal for size-, weight-, and power-constrained plat-
forms, and extensive coverage of high-resolution imagery makes 
VTRN essential in the absence of Global Navigation Satellite Sys-
tem (GNSS) capability. Database imagery has been used to provide 
absolute position measurements in extraterrestrial robotic entry, 
descent, and landing missions (1, 2); GNSS-denied defense applica-
tions (3); backup uncrewed aerial vehicle (UAV) state estimation 
(4); and offline subpixel geolocation of remotely sensed data prod-
ucts that can be extremely sensitive to localization errors (5).

VTRN and geolocation against target images are applications of 
the more general image registration problem(6) in which images 
taken from different poses, at different times, or with different sen-
sors are transformed into the same coordinate system. Under ideal 
conditions, image registration is well studied and has a number of 
mature automatic solutions. Examples include intensity-based tem-
plate matching with normalized cross-correlation (NCC) (7), 
mutual information (MI) similarity metrics (8), frequency-domain 
techniques (9), and feature matching (10). Classical registration 
algorithms are also often equipped with geometric and radiometric 
invariances that greatly simplify the VTRN problem itself. For 
example, feature-based methods can accommodate nonrigid image 
transformations due to terrain, with scale-invariant feature trans-
form (SIFT) descriptors (10), particularly, being invariant to scale, 
two-dimensional rotation, and linear illumination changes.

In principle, an aerospace robot can be localized to within a few 
centimeters relative to a database using onboard imagery and a 

subpixel-accurate registration algorithm. High-quality georefer-
enced terrestrial imagery is updated on a regular basis and often 
available at resolutions of 10 cm per pixel or better—global cover-
age is available commercially at approximately 30 cm per pixel 
(11). In practice, however, aerospace robots that rely on vision reg-
ularly encounter severe appearance changes, such as snow cover or 
leaf drop, that change the texture, illumination, and content of the 
landscape beneath them. These changes violate the heuristic radio-
metric assumptions of classical registration and lead to fragility. 
Manual selection and matching of structures and control points with a 
stable appearance remain a respected, although time-consuming, 
practice for offline registration (12). Autonomous platforms, 
however, must reliably perform matching without human inter-
vention and have historically relied on comparing radar altimetry 
(13) to a topographic database. Although topographic data are more 
stable than visible data, terrain matching is less accurate than image 
registration and exhibits poor performance at low altitudes or in flat 
areas (14).

To address the shortcomings of classical approaches, a natural 
option is to consider deep-learning approaches that fit stable, 
high-level features (15). Although seasonal changes in aerial imag-
ery have received minimal attention, some deep learning techniques 
have been successful for challenging fusion and registration tasks, 
particularly in medical imaging (16). A common approach is to 
train a deep similarity metric to replace fragile classical metrics 
using a twinned (formerly “Siamese”) architecture (17). For remote 
sensing, (18) learned a similarity score between synthetic aperture 
radar and optical images using a pseudo-twinned architecture, with 
separate fully convolutional networks (FCNs) for each, fed into a 
common comparison network. Registration in this manner requires 
small rigid image “chip” patches to be repeatedly sampled from 
larger images and passed through the network consecutively, which 
precludes real-time use.
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End-to-end networks accommodate nonrigid registration and 
avoid repeated evaluation of image chips by directly estimating the 
geometric transformation between two input images but lack the 
engineered advantages of classical approaches. Pure end-to-end 
approaches require explicit exposure to all expected transformations 
in training for which examples of real nonrigid transformations are 
exceptionally difficult to obtain. Reliability and uncertainty for end-
to-end networks are also extremely difficult to interpret. Furthermore, 
deep learning does not necessarily outperform hand-engineered 
approaches for monomodal registration and is often complementary. 
(19) observed that monomodal registration of lung imagery under 
large deformations benefited from the hybrid use of hand-engineered 
and learning-based descriptors. Similarly, (20) augmented SIFT 
features with robust “deep features" taken from the intermediate 
activations of a pretrained VGG-16 network. Semantic features can 
also be extracted and matched using pixel-level segmentation, in 
which stable predefined structures such as road networks (21), 
lunar crater rims (2), or prescribed semantic elements (22) are 
labeled using a trained network and matched to a reference image. 
Segmentation techniques identify stable structures but require 
extraordinarily tedious human annotation. Structure classes must 
also be unambiguous and consistently distributed in imagery to be 
useful and are prescribed rather than themselves learned.

The registration robustness problem can also be posed using 
domain adaptation theory, in which a nonannotated target data 
“domain” supplements an annotated source domain. The source 
and target domains are assumed to share content relevant to a task 
but differ in their domain-specific statistics—for example, leaf-on 
and leaf-off imagery are both useful for navigation, although their 
vegetation patterns are different. Relevant content can be identified 
automatically by mapping two or more source domains to a com-
mon “latent” domain that is optimized to complete a task but in 
which the original source domains can no longer be distinguished. 
The goal is usually to assimilate unlabeled data into a model as effi-
ciently as possible, which has seen widespread use in remote sensing 
primarily to improve classifier robustness while limiting annotation 
load (23). Automatic image registration, however, has received little 
attention in the domain adaptation literature despite its extreme 
sensitivity. The domain adaptation work most relevant to VTRN is 
based on image-to-image translation and comes from the automo-
tive community, including adaptation for scene segmentation (24) 
and translation of degraded operating conditions into ordinary 
conditions (25).

Main contribution
In light of these observations, we derive an image transform ap-
proach to VTRN that combines the success of deep learning for 
image translation and domain adaptation with the well-known 
engineered properties of classical image registration. Rather than 
attempt to generate an opaque positioning estimate using deep 
learning and extensive annotation, we rely on the fact that conven-
tional registration techniques in principle have perfect performance 
when their radiometric input assumptions are exactly met. Accord-
ingly, we use deep learning only to modify the appearance of input 
images, which is a narrowly defined task at which it excels. The 
basis of our technique is an FCN that serves as a preprocessing step 
and transforms input images to a seasonally invariant domain. This 
network identifies and enhances stable structures, serves as an at-
tention mechanism, and is optimized for robust performance over 

any well-posed classical registration algorithm. After sufficient 
training, a single transform allows leaf-on, leaf-off, and snow-cover 
test images to have an identical appearance and registration re-
sponse and can mitigate some higher-frequency appearance changes, 
such as deep shifting shadows, that were not explicitly anticipated 
or trained over in advance. The transform structure lends seasonal 
invariance to existing conventional code and techniques without 
further modification or manual annotation. The result is a VTRN 
pipeline that inherits geometric invariances from conventional reg-
istration without explicit exposure in training while also relaxing 
the widely violated input assumptions that cause them to break.

RESULTS
In this section, we demonstrate the effectiveness of our deep trans-
form architecture for optimizing area-based and feature-based im-
age registration in challenging seasonal conditions. After describing 
our architecture and the datasets used for training and testing, we 
provide experimental performance evaluation results.

Navigation architecture
Our transform serves as an upstream preprocessing step that adds 
seasonal robustness to downstream VTRN or registration algo-
rithms, which are themselves unmodified. The network is trained in 
advance using diverse seasonal imagery examples and deployed 
with locked weights, either aboard an aircraft or space robot (VTRN; 
Fig. 1) or for general image registration. Input and output image 
sizes are equal, but outputs are grayscale as is typically required for 
registration. We train our transform using publicly available data 
that are already coregistered and require no further annotation. 
Suitable training imagery is widely available with global and extra-
terrestrial coverage at a high resolution and captures years of regu-
lar appearance changes.

During training, we expose a U-Net (26) image transform model 
to matching cross-seasonal image pairs in twinned fashion—a 
single transform is identically shared between two parallel streams, 
with registration performance between the outputs used as a loss 
function to optimize the transform weights (Fig. 2).

At runtime, a single stream of incoming imagery, such as a nav-
igation camera (NAVCAM) image or an unregistered scientific 
image product, is intercepted and replaced with transform output. 
This output is passed, along with a previously transformed refer-
ence image, to the rest of the registration pipeline to calculate the 
geometric transformation between the two images. For change 
detection and other scientific applications in which image appear-
ance must be preserved, the original input may simply be warped by 
the now-known geometric transformation.
VTRN backend and reference image selection
The deep transform architecture is agnostic to the registration 
backend as long as the matching score is compatible with the one 
used in training. For patch matching tasks, we use a sliding window 
backend because of its simplicity and maturity as a VTRN tech-
nique. More efficient implementations can be accommodated with 
no changes to the transform, and in general, the matching backend 
should be selected to maximize performance.

For any VTRN architecture, reference images must also be pro-
posed before the registration step. For clarity, we assume that black-
box visual-inertial odometry is available to an accuracy sufficient 
only for the selection of a large reference image. To exhibit the 
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advantages of a deep transform, we also assume that odometry can-
not locate the onboard image within the selected reference and con-
sider matching independently. At the scales (images are about 1 km 
on a side) and update frame rates (about 20 Hz and greater) consid-
ered, this is a highly conservative assumption with extreme noise 
and drift rates. A lost aircraft with greater uncertainty searches a 
larger reference image or database (27), aided by the increased sta-
bility and distinctiveness of deep transformed imagery.

Training and test datasets
We train our transform using publicly 
available aerial orthoimagery from var-
ious regions of the United States (Fig. 3). 
Full-foliage (“leaf-on”) and snow-cover 
imagery were obtained from the National 
Agricultural Imagery Program (NAIP) 
of the U.S. Department of Agriculture 
(28), and absent-foliage (“leaf-off”) im-
agery was obtained from the geospatial 
data program of the state of Connecticut 
(29). Training and test sets were gener-
ated by coregistering cross-seasonal 
images into matching pairs. The data-
sets include man-made structures rang-
ing from urban settlement to complete 
absence, with landcover including dense 
forest, agricultural fields, barren ground, 
coastline, and alpine tundra. We include 
a rugged mountainous dataset over 
the states of Wyoming and Montana, 
where classical registration performs 
poorly because of intense contrast changes 
caused by snowfall and severe moun-
tain shadows. In addition to orthoimag-
ery, we also test nonrigid transformations 
because of topography and off-nadir 
perspective by warping orthoimages 
onto coregistered digital elevation mod-
els (DEMs).

We consider two training/test data-
set partition strategies, temporal and 
geographic, corresponding, respectively, 
to performance evaluation for VTRN 
and general registration use cases. Prac-
tical VTRN missions require a reference 
imagery database aboard the aircraft in 
advance and can always operate over 
their training dataset footprint. To eval-
uate the performance of our transform 
for VTRN, a representative test set is 
strictly temporally separated from the 
training set but overlaps with its geo-
graphic area. For general image regis-
tration, we consider the case in which 
the area of interest is too large to be 
practically contained in a single training 
set. Under either assumption, seasonal 
effects may have been only observed 
outside of the operating region (for 
example, extreme snowfall rarely ap-

pears in public datasets), so the ability to abstract structures be-
yond their specific geographic position is critical. Accordingly, 
we also partition the dataset into training and testing sets with 
strict geographic separation. For both cases, we assume a 4:1 
ratio of training to test data, with only training data used to 
optimize the network.

Without the loss of generality, any of the domains can serve as a 
reference image at runtime depending on particular mission 

Fig. 1. VTRN using the seasonally invariant deep transform in a GNSS-denied environment. The UAV deter-
mines its absolute position by registering an online deep-transformed image of the ground into a previously 
deep-transformed georeferenced database image proposed using a running black-box odometry estimate. The 
deep transform module (A) removes ephemeral character from both images and forces them to satisfy the radiometric 
assumptions of a hand-engineered registration module that follows. As a result, the UAV can reliably recover its 
position from the geometric transformation between the two images using legacy techniques that fail otherwise. 
Network diagram generated using (36).
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requirements and the operating area. The map accuracy of each 
dataset is 6 m.
Leaf-drop dataset: Connecticut
The Connecticut set consists of 3638 coregistered leaf-on (summer 
2016 and 2018) and leaf-off (early spring 2016) database image 
pairs randomly sampled over the state of Connecticut (Fig. 3A, left). 
Leaf-off database images were resampled to match the NAIP reso-
lution data (0.6 m per pixel), with dimensions 1270 pixels by 1270 
pixels. To evaluate performance when database images can be used 
in training, we use the 2016 leaf-on dataset collected 2 years before 
the training version (2018) for testing.

We also demonstrate a VTRN application with a simulated air-
craft using 308 pairs taken over northwestern Connecticut. This 
imagery has an associated 10 cm DEM used to warp imagery and 
incorporate the effects of topography and off-nadir perspective. We 
note that this dataset is consistently more rugged and forested than 
the Connecticut set as a whole. The leaf-on images serve as NAVCAM 
imagery and are drawn from the same earlier edition used only for 
testing, and leaf-off images serve as a reference database.

Snowfall dataset: Rockies
The Rockies set is composed of 90 coreg-
istered NAIP quarter-quadrangle image 
pairs, taken between 2012 and 2018, cap-
turing summer and snow-cover condi-
tions in the Rocky Mountains of Wyoming 
and Montana (Fig. 3A, right). For training 
and testing, we subdivide the quarter-
quadrangles into 1200 pixels–by–1200 pixels 
nonoverlapping tiles with a resolution of 
1 m per pixel. We note that this dataset 
is challenging even for manual registra-
tion because of extensive barren areas, a 
complete lack of man-made struc-
tures, snow and ice coverage, and severe 
mountain shadows. As with the Con-
necticut set, we also use earlier editions 
of the summer set solely for testing VTRN 
use cases.

Performance evaluation
After training, we evaluate transform 
performance by comparing the accuracy 
of widely used registration algorithms 
against a grayscale control. The test set 
consists of cross-seasonal pairs of source 
and reference images S and R that, re-
spectively, produce registration queries 
and targets. We experimentally deter-
mine the best training procedure by 
restricting or combining different train-
ing sets and evaluating generality.

Because the typical failure mode of 
cross-seasonal registration is gross 
mismatch, we consider the correct match 
rate of image chips randomly drawn 
from each S and registered against the 
corresponding R as an estimate of the 
performance improvements afforded by 
a deep transform. This test is represent

ative of typical VTRN operation in which a NAVCAM captures a 
small area within a database image, as well as nonrigid image regis-
tration in which translated chips are used to seed more complex 
transformations.

We use Intersection over Union (IoU) thresholds to identify 
match rates at varying levels of tolerance, as is standard for evaluat-
ing bounding box performance for detectors. If the IoU between a 
test chip and its predicted counterpart in the reference image is 
greater than the threshold, then the registration is counted as suc-
cessful. If the IoU is less than the threshold, then it is counted as 
unsuccessful. We note that the limited map accuracy can prevent 
perfect IoU scores from being realized even with perfect matching.

For performance evaluation, we tested K = 50 randomly selected 
chips for each image pair in the test sets. As discussed above, we 
report match rate results for both temporally separated and geo-
graphically separated test sets.
Deep transforms for area-based registration
For area-based registration, we test a transform optimized for regis-
tration by NCC before discussing its relation to distribution-based 

Fig. 2. Training and evaluation pipeline for feature-based image registration. During training, the loss function 
guides the network to transform images such that corresponding keypoints align in scale and location and their 
feature descriptors match. In evaluation mode, the network serves as a preprocessing step to transform images in 
different domains to the common domain in which feature-based registration excels.
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methods. NCC is simply the linear correlation coefficient between 
two image patches, with a score of 1 if two images are perfectly pos-
itively correlated and a score of 0 if they are uncorrelated.

We first subject the training process to three sets of experiments 
to determine best practices: We consider the effect of training chip 
size on detail recovered by the transform, the volume of training 
data required for a transform to perform well on areas it has not 
been exposed to, and the volume of additional data required to per-
form well on areas with different landcover. Because each of these 
experiments consider the generality of the transform, we use the 
geographically partitioned test set.

Although performance at test time always improves with larger 
test chip sizes, we observed that a smaller training chip size produces 
better results. Test chips were fixed at 300 pixels on a side 
throughout our experiments, but training chips that were 150 pixels 

on a side outperformed larger chips, 
generated sharply localized structures, 
and enhanced detail in challenging ar-
eas such as uniform deciduous forests 
(Figs. 3 and 4).

Additional training data improve 
performance in a geographically sepa-
rated test set but with returns that in-
crease with IoU threshold because of 
improved sharpness (Fig. 4). Exposure 
to the full training dataset, rather than a 
randomly selected subset a 10th of its 
size, offers an 8 percentage-point im-
provement for the Connecticut set at an 
IoU threshold of 0.75, whereas increas-
ing the IoU threshold to the range of 
0.95 affords a 21 percentage-point im-
provement. Similarly, evaluation on the 
Rockies set yields a 4 percentage-point 
improvement at an IoU threshold of 
0.75 but an 11 percentage-point im-
provement at a threshold of 0.95.

We also observe that additional 
training data with landcover different 
from the test set also improve matching 
rates (Fig. 4). On both the Rockies and 
Connecticut test sets, the best perform
ance was achieved by training the 
network over all available Connecticut 
and Rockies training pairs rather than 
using each training set separately. For 
an IoU threshold of 0.9 and geographic 
partition of test and training sets, this 
network achieved match rates of 0.92 
on the Connecticut set and 0.96 on the 
Rockies set compared with Connecticut-
only and Rockies-only values of 0.83 
and 0.94 and grayscale control values of 
0.50 and 0.66. We note that the merged 
training set offered a greater improve-
ment on the Connecticut test set than 
on the Rockies test set, particularly at 
IoU thresholds above 0.85. This asym-
metry is largely due to the complete ab-

sence of man-made structures in the Rockies set. The Rockies set 
provides relevant training samples away from built-up areas in 
Connecticut, but Connecticut training samples cause the deep 
transform to rely on man-made structures that are irrelevant in 
wilderness environments. Expectedly, we also find that training sets 
must contain some landcover similar to the test set to offer in-
creased performance over the grayscale control—training over 
Connecticut alone led to poor performance over the Rockies set and 
vice versa.

To consider VTRN use cases in which the flight area is known in 
advance, we merged the geographically separated training and test 
sets into a single training set and considered performance on addi-
tional leaf-on test sets separated temporally from the original sets 
(Fig. 4). Overall, we observe little impact from including the geo-
graphic area of the test area in training, with a small increase in 

Fig. 3. Representative images from the datasets along with samples of NCC- and SIFT-based transforms. 
(A) Example images from the Connecticut (CT) and Rockies (RM) datasets in their various domains. (B) NCC transfor-
mations of the CT "leaf-on/leaf-off" image pair. The different effects of training using 600 pixels–by–600 pixels, 
300 pixels–by–300 pixels, and 150 pixels–by–150 pixels image chips are shown. Zoomed-in images outlined in red 
and yellow highlight the details present when training with 150 pixels–by–150 pixels image chips. (C) The presence 
of a large number of incorrectly matched features in the grayscale image pair prevents RANSAC from finding the 
correct geometric transformation. The SIFT-optimized transform accentuates useful features for matching while 
stripping away noisy or unstable features that increase the number of outliers in matching.
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performance at high IoU thresholds and a small decrease in perform
ance at lower IoU thresholds. With the exception of those con-
taining permanent structural changes, pairs that fail only when 
exposed to the additional data typically have intradomain landcover 
changes that were not covered in the training set. Because only one 
example of each domain was presented for each pair during train-
ing, this behavior is a symptom of overtraining a particular scene on 
a particular leaf-on appearance that can change severely at test time. 
On the other hand, the subtle increase at high IoUs appears to be 
due to increased sharpness afforded by inclusion of highly relevant 
training samples. The fact that the overall matching performance is 
relatively insensitive to geographic coverage, however, suggests that 

the features learned by the transform are abstract and high-level 
rather than tied to landmarks with a specific location.

We also attempted to train a transform to directly optimize a 
normalized MI objective but observed unstable training even with 
extremely small learning rates and deliberate overtraining over a 
single image pair also used for testing. This behavior is consistent 
with ill-posedness of MI as an optimization objective—the opti-
mal transform is highly nonunique because MI and related distri-
butional methods are invariant to any invertible deterministic 
function. Furthermore, MI is nondifferentiable and cannot be 
used for backpropagation without the use of a smooth approxi-
mation. Fortunately, the NCC training objective can also be used 
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Fig. 4. NCC image registration results. Models in the first three rows were evaluated with geographically partitioned data, whereas those in the last row were tested 
with the temporally partitioned data. Unless otherwise noted, models were trained and tested using the datasets indicated by their column. (A) Plots in this row display 
the effect of varied chip sizes during training. (B) These plots show the positive match rate during testing while increasing the amount of training data seen by the trans-
form model. (C) Transforms were trained on the entire CT set, the entire RM set, and a merged set consisting of both. Transforms were evaluated separately on the Con-
necticut and Rockies test sets. (D) Models trained specifically for VTRN perform on par with the best performing transforms from row (A).
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to train transforms that improve MI-based registration. Although 
a full-resolution test of normalized MI performance over image 
chips is intractable [coarse-to-fine architectures are required even 
if heading and and altitude are known (30)], the NCC-trained 
transform enhances the ability of normalized MI to distinguish 
matching and nonmatching pairs. On a set of 11,600 matching 
and 11,600 nonmatching image chip pairs randomly drawn from 
the both test sets and exposed to our best-performing network, 
the Kullback-Leibler (KL) divergence between MI distributions 
for matching and mismatching grayscale image pairs was 0.22, 
whereas application of the NCC transform increases KL divergence 
to 1.58 (fig. S1).
Deep transforms for feature-based registration
Unlike the straightforward loss functions available for optimizing 
area methods, adapting our transform for feature-based registra-
tion performance requires simultaneous optimization of detector 
and descriptor response. We illustrate our approach using SIFT fea-
tures (10) to which our transform adds seasonal invariance to well-
known rotation, scale, and linear-brightness invariance properties. 
SIFT features fail spectacularly in grayscale control tests across sea-
sonal pairs because most features detected are small and associated 
with unreliable ephemeral landscape textures such as vegetation. 
Instead, we simultaneously optimize a deep transform for detector 
reproduciblilty, descriptor reproducibility, and descriptor distinc-
tiveness to remove unreliable seasonal content.

As for area-based methods, we evaluate the performance of our 
deep transform using geographically partitioned and temporally 
partitioned training and testing sets. To evaluate VTRN for a nadir-
looking NAVCAM with no other sensors available (area methods 
assume a known orientation and height), we consider 640 pixels–  

by–480 pixels test chips extracted from cross-seasonal pairs and 
subjected to randomly varying translations, rotations, and scale 
transformations.

We observe that our deep transform offers major performance 
advantages over grayscale control across all IoU thresholds (Fig. 5) 
and over all test sets and training strategies considered. Feature-
based methods appear more sensitive to the landcover encountered 
in training than area methods, however, and exposure to imperti-
nent samples can degrade performance. Merging the Rockies and 
Connecticut datasets improved match rates on the Connecticut test 
set at all IoU thresholds, largely due to improved feature density in 
forested areas, but worsened match rates on the Rockies test set be-
cause of a reliance on man-made structures that are not present at 
test time.

In addition to improving match rates, the deep transform also 
provides a realistic assessment of the navigational utility of an im-
age and fails far more gracefully than grayscale imagery. Images de-
void of navigational cues, such as open water or uniform deciduous 
forest, simply do not have enough features available for registration 
after exposure to the transform and result in a failure. Grayscale 
imagery, on the other hand, often has enough spurious features 
available to return a registration estimate and tends to generate mis-
matches when it should instead fail. Accordingly, we report experi-
ments that both reject and retain failed test pairs in Fig. 5.

Last, including the area of a temporally separated test set within 
the training set slightly reduces the number of rejected pairs on the 
Rockies set but with essentially no improvement on the Connecticut 
test set and a slight decrease in matching skill on accepted pairs in both 
sets. This decrease in performance is consistent with overtraining 
on the leaf-on appearance of the scene in training.
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Fig. 5. SIFT matching performance on geographically and temporally separated test sets evaluated using 640 pixels-by-480 pixels test image chips. Test pairs 
that lack sufficient keypoints to calculate a camera pose are counted as mismatches in experiments denoted “(1)" but assumed useless for navigation in experiments 
denoted “(2)" and not counted. (A) For geographically separated evaluations, we compare the matching rates of transformations trained on a single Connecticut (CT) or 
Rockies (RM) set (“Exp. 100%”, for CT or RM) against transformations trained on both sets (“CT 100% + RM 100%”). (B) To determine the effect of training over an anticipat-
ed flight area, we compare transformations trained on geographically separated data (“Exp. 100%”) to transformations specifically trained over the same area as the test 
set but from different years (“Exp. 100% + Test”).
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Seasonally invariant VTRN demonstration
We evaluate our transform under realistic VTRN conditions during 
a simulated flight over a relatively undeveloped and rugged area of 
northwest Connecticut (Fig. 6). The conditions encountered during 
the flight are considerably more challenging overall than the Con-
necticut set and contain large uninterrupted expanses of deciduous 
forest with steeper terrain and sparser development. The flight area 
is covered by a DEM and a temporally separated test set, which are 
used to simulate imagery from a NAVCAM aboard a fixed-wing 
aircraft. As a result of the steep terrain and rolling motion of the 
aircraft, image registration involves a complex geometric transfor-
mation incorporating aircraft translation, attitude, and height 
changes along with and perspective effects because of a combination 
of camera optics, off-nadir viewing, and topography. Reference imagery 
is drawn from a database of leaf-off orthophotography, with the 
NAVCAM imagery taken in full leaf-on conditions separated by 
2 years from the training data. Because of the complexity of this 

transformation and the intense seasonal changes, both the content 
invariance of deep transforms and the geometric advantages of con-
ventional registration are needed to generate reliable absolute posi-
tion updates.

We consider both NCC- and SIFT-based navigation along 
with associated deep transforms and a grayscale control set. SIFT 
can accommodate complex geometric transforms, in principle, as 
long as the number of features matched is adequate, whereas NCC 
assumes nadir-looking shots and an estimate of heading provided 
by a compass and an estimate of height provided by an altimeter. 
We do not supply SIFT with a heading estimate because of its ro-
tational invariance, but NCC is supplied with perturbed (±2°) 
on-nadir shots and noisy heading estimates (±5°) to evaluate 
realistic operating conditions with instrument error. Contrary to 
typical practice, we also evaluate NCC without the benefit of on-
line orthorectification. To isolate seasonal effects on perform
ance from geometric effects, we also include a control NCC test 

Fig. 6. VTRN demonstration with a simulated flight over northwestern Connecticut. (A) The figure-eight flight trajectory is shown with a few select NAVCAM images 
(640 pixels by 480 pixels) seen by the aircraft. The trajectory contains a mixture of small towns, agricultural areas, dense deciduous forest, and occasional open water. 
(B) NCC-based registration match rate at various distance thresholds from the ground truth positions. (C) SIFT-based registration distance-from-ground truths at the 50th, 
68th, 90th, and 95th percentiles.
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with online orthorectification, perfect altimetry, and perfect com-
pass measurements.

The test NAVCAM sequence consists of 200 image chips with 
dimensions 640 pixels by 480 pixels, taken approximately every 
180 m along a 36-km figure-eight aircraft trajectory about 200 m 
above the terrain. Because of the frequent and sequential nature of 
the imagery, shots are somewhat correlated and cluster in challeng-
ing areas that were far less abundant in the full Connecticut set. We 
use a database image of 1270 pixels by 1270 pixels for NCC and a 
smaller 800 pixel–by–800 pixel image for SIFT because of its sparser 
nature and use with poorly constrained transformations. We also 
note that 3 of the 200 shots contained only open water and were 
either mismatched or rejected for lacking navigational content by 
the registration algorithms in all experiments.

For NCC, the VTRN backend was performed with a patch-based 
sliding window method, whereas SIFT features were matched using 
standard brute-force sum-of-absolute-differences scores. Extremely 
noisy onboard odometry was simulated and used to select reference 
images (0.6  m per pixel) that contain the aircraft location some-
where within the prescribed map size. This odometry error assump-
tion far exceeds the average interval between shots of 180 m. Each 
shot was treated as independent, and odometry was not allowed to 
influence the initial pre-VTRN uncertainty beyond the size of the 
reference image.

Test images were subjected to the best-performing NCC and 
SIFT transforms determined in performance evaluation for feature-
based and area-based methods, which were trained over Connecticut 
and Rockies training data consolidated into a single set. SIFT 
feature detection, extraction, and matching were performed using 
OpenCV with default settings, and random sample consensus 
(RANSAC) was used to estimate a full-affine geometric transforma-
tion without knowledge of the aircraft height or attitude. Off-nadir 
perspective and topography allow test images to differ in shape from 
ground truth and prevent perfect IoU scores even if localization is 
perfect, so navigation performance was evaluated using the centroid 
distance between registered images and ground truth. We also calcu-
late several centroid distance statistics, including circular error 
probable (CEP), R68, R90, and R95 scores, which correspond, re-
spectively, to the 50th, 68th, 90th, and 95th percentiles of centroid 
distance.

VTRN performance
When used with a deep transform, NCC proved to be a powerful 
and robust navigation tool, even in the presence of steep topogra-
phy and viewing angle perturbations that violated its geometric 
assumptions. The deep transform had far fewer mismatches than 
grayscale and also localized close matches more accurately (Fig. 6). 
The CEP for the unmodified transformed image was 14  m com-
pared with 3  m for the idealized geometry, 40  m for unmodified 
grayscale, 16 m for the idealized grayscale geometry, and 168 m for 
a set of 100 randomly guessed centroids per frame. The deep trans-
form had few gross mismatches, with transformed imagery having 
an R68 score of 19 m, an R90 score of 46 m, and an R95 score of 
115 m compared with 4, 7, and 14 m for idealized conditions. Be-
cause each of these scores are considerably smaller than the size of 
the NAVCAM image even at high percentiles, this divergence sug-
gests that much of the error was caused by the impossibility of 
matching distorted test images against rectangular, orthorectified 
ground truth using a rigid translation. Grayscale control imagery, 

on the other hand, had an R68 score of 150 m, an R90 score of 233 m, 
and R95 score of 262 m, which improved to 32, 228, and 260  m 
under ideal imaging geometries. The departure in R68 but approximate 
convergence in R90 and R95 score between these two experiments 
suggests that grayscale was highly sensitive to topography and view-
ing angle. Furthermore, grayscale was also plagued by gross mis-
matches caused by seasonal content, as evidenced by comparison 
with random centroid guessing scores of 197, 241, and 258 m.

SIFT was able to provide accurate and reliable accurate position 
estimates from deep transformed imagery even with a camera as the 
sole navigation instrument but at the price of a much lower update 
rate. Although the deep transform was able to stabilize imagery, it 
struggled to enhance and concentrate adequate numbers of strong 
features in the most challenging areas. The stabilizing effect, however, 
recovered high levels of accuracy among useful images identified 
using an empirical feature match count. Eleven percent of the imag-
es were accepted as reliable in the transformed imagery, with a CEP 
of 14 m and a maximum error of 76 m. In contrast, grayscale con-
trol imagery was unable to anticipate reliable or unreliable frames at 
any feature count threshold. For the same experiment, 53% of the 
images were accepted, with a CEP of 116 m and an R95 of 263 m for 
a minor advantage over random guess values of 192 and 301 m, 
respectively.

Hardware and runtime metrics
Our machines were configured with Intel Core i9-7900x processors 
with 128 gigabyte (GB) of memory. We trained the deep transforms 
using Nvidia Quadro RTX 8000 (48 GB) and the Titan RTX (24 GB) 
graphics processing units (GPUs). Because VTRN requires image 
chips to be transformed in an online setting, we recorded runtime 
and memory usage for various navigation chip sizes, including 
those used in our VTRN demonstration. We benchmarked the deep 
transform using the Titan RTX and report these results in Table 1. 
We find that the GPU-accelerated deep transform can process 
640 pixel–by–480 pixel chips at 17 Hz and even larger 1600 pixel–
by–1200 pixel chips at 2.7 Hz. For small image chips, the deep 
transform can still operate at reasonable speeds even without a GPU 
but at a cost of a slower position update rate. We do not report metrics 
for larger database images, which are not transformed in real time 
but instead calculated offline in advance and cached for quick lookup.

DISCUSSION
Overall, our transform learns highly general, abstract features that 
are semantic in nature rather than landmarks tied to specific geo-
graphic locations. Our transform need not be trained over the exact 

Table 1. Runtime and memory consumption of the deep transform 
for various input image sizes.  

Image size
(pixels by 
pixels)

GPU I/O (s) GPU 
transform (s)

GPU 
memory (GB)

CPU 
transform (s)

300 × 300 0.0003 0.0192 0.67 0.700

640 × 480 0.0004 0.0597 2.13 2.734

1280 × 720 0.0008 0.1722 6.25 8.139

1600 × 1200 0.0015 0.3623 12.95 17.250
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area where it will be used, and only small amounts of data were re-
quired to surpass performance on standard grayscale imagery. The 
advantages of isolating geometry to an engineered conventional 
backend, rather than training, were also apparent in feature-based 
experiments. Using a SIFT backend, deep transforms were able to 
accurately assess reliability and accommodate complex topographic 
and perspective transformations despite training only on orthopho-
tography. We also find that NCC is an extraordinarily powerful tool 
when supplemented with a deep transform despite its simplicity. 
Deep-transformed NCC exhibited robust performance against se-
vere seasonal effects and perturbed imaging conditions that violated 
its translation-only, mutually orthorectified geometric assumptions.

The usual case of more data improving performance remains 
largely true, but targeted training set design can help achieve better 
results. Training sets must include at least some landcover similar 
to what will be encountered at test time to be effective, with increas-
ing volumes improving the spatial precision of the transform. In-
cluding as much data as possible improved matching for area-based 
methods even if additional training examples had highly dissimilar 
landcover, but feature-based approaches required care to avoid 
crippling a deep transform with irrelevant samples. Although the 
inclusion of roadless areas from the Rockies training set improved 
feature matching away from built-up areas in Connecticut, for 
example, overexposure to buildings in training also hindered the 
ability of the deep transform to construct useful SIFT features in 
images where they were not present. Consequently, systems de-
signed to operate entirely away from man-made structures, such as 
for extraterrestrial applications, should not use training sets dominated 

by them. Our transform also accommo-
dated ephemeral changes that were not 
anticipated in advance, which suggests 
that general time-series data are useful 
for stabilizing VTRN even if seasonal 
disturbances are not expected. Deep 
mountain shadows that change through-
out the day and year, for example, had 
improved matching as a natural conse-
quence of their presence in the set and 
the self-supervised architecture (Fig. 7). 
This tendency is further evidenced by 
the possibility of overtraining over spe-
cific leaf-on appearances, which caused 
inclusion of VTRN database imagery in 
training to decrease performance on a tem-
porally separated test set in some cases.

Although feature-based methods 
using SIFT features are more flexible in 
the geometric transformations that they 
can accommodate, the NCC training 
objective was much more robust in the 
most challenging and unstable areas. 
Unless operational considerations pre-
clude the use of NCC and require feature-
based approaches, such as the presence 
of extreme topography at low altitudes 
or the lack of an attitude estimate, the 
additional information afforded by NCC-
based matching is preferable to the geo-
metric flexibility of SIFT when severe 

content changes are present. NCC was able to infer reproducible 
structure in aggressively changing environments where SIFT had 
difficulty finding features and also proved to be robust to local 
topographic and viewpoint perturbations that would ordinarily call 
for the use of feature-based approaches. Nonetheless, the deep 
transform enhanced the reliability of SIFT-based navigation in 
areas that were impossible for grayscale imagery—unusable shots 
simply lacked features and were consistently identified in advance. 
Unlike grayscale, which proposed overconfident matches little bet-
ter than random guessing, unusable shots were discarded rather 
than being naively allowed to disrupt navigation.

The NCC objective also supported registration by MI maximiza-
tion without incurring its extreme computational expense or the 
complexity of backpropagation through a nondifferentiable objec-
tive (31). NCC is well known to be equivalent to MI for normally 
distributed random variables, and transforms trained on NCC im-
proved the separation of matching and nonmatching MI scores (fig. 
S1) while also being much easier and faster to train. Because such 
transforms are already directly optimized for NCC, MI-based regis-
tration architectures and their inherent difficulties can be replaced 
entirely by a real-time NCC-based architecture with a deep 
transform.

Last, the results presented here isolate difficulties associated with 
content changes and consider odometry and filtering only to the 
extent that they generate reference images including the aircraft lo-
cation. Filtering can serve not only to improve running estimates of 
position, as with any navigation technique, but also to aid the VTRN 
matching process itself by restricting the size of a registration 

Fig. 7. Example of improved robustness to severe mountain shadows in test data. Self-supervised training causes 
the transform to attempt to mitigate any unstable content without explicit annotation. Intense lighting changes, for 
example, were occasionally present in the Rockies dataset and were addressed by the transform, although they were 
not specifically identified as a relevant seasonal disturbance. Despite information loss to saturation, areas in deep 
shadow were brightened (left, red and blue boxes are coregistered), and stable landscape features were enhanced. 
The transform was not exposed to either image during training.
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problem to a tight uncertainty. If position and attitude are suffi-
ciently well known, then a registration solution can be proposed in 
advance and VTRN used to modify and confirm it within tight 
bounds. Feature-based approaches stand much to gain from filter-
ing in particular, because the relatively unconstrained nature of the 
geometric transformations they solve benefits highly from reliable 
initial guesses and bounds.

MATERIALS AND METHODS
We structure our transform as an FCN, with a self-supervised train-
ing architecture that assumes coregistered image pairs but identifies 
and extracts seasonally stable structures on its own. During training 
(Fig. 2), image pairs with cross-seasonal differences (leaf-on versus 
leaf-off or summer versus snow) are consecutively exposed to the 
FCN with shared weights, which outputs a pair of single-channel 
transformed images with the same dimensions as the inputs. The 
network is trained using a loss function calculated from the perform
ance of a specified registration technique (for example, NCC or 
SIFT) on an auxiliary chip-matching task. Although the specific 
structure of the loss function depends on the choice of registration 
backend, the transform can be trained to optimize any algorithm 
with a differentiable and well-posed matching score. In doing so, we 
harness the statistical power of deep learning to add seasonal ro-
bustness to legacy techniques.

After training, the FCN constitutes a single-stream image trans-
form that strips source and reference images of their seasonally un-
stable content for stable registration. In the rest of this section, we 
highlight specific network details and consider the construction of 
seasonally invariant transforms for area-based and feature-based 
registration.

Network architecture
We chose U-Net (26) as an example model, although any FCN 
architecture that preserves image resolution will suffice. In a deep 
transform context, U-Net maps an input grayscale image of dimen-
sions W pixels by H pixels, with intensity values in [0,1], to an out-
put grayscale image of the same size and compressed to [0,1] using 
a sigmoid function. Inputs are normalized using a fixed mean and 
SD derived from the training set. To avoid “checkerboard” artifacts 
associated with deconvolution, we replace the deconvolution layers 
of the original U-Net with blocks consisting of an upsampling oper-
ation with bicubic interpolation followed by a convolution (32).
Loss function and regularization
During training, the loss function is calculated by passing pairs of 
transformed chips ​(​T​i​ 

1​, ​T​i​ 
2​)​ to the matching function of a desired 

image registration algorithm. The matching function generates a 
normalized similarity score ​​   y ​(​T​i​ 

1​, ​T​i​ 
2​ ) ∈ [0, 1]​. The normalized sim-

ilarity score ​​   y ​​ is in turn compared with a binary label yi that indi-
cates whether the chips were originally coregistered (yi = 1) or not 
(yi = 0). The loss ℒ is the sum of the contributions from each image 
pair and is used to update the network weights by backpropagation. 
Accordingly, the chip pair ​(​T​i​ 

1​, ​T​i​ 
2​)​ contributes

	​​ ℒ​​ (i)​ =  ∥ ​  ̂  y ​(​T​i​ 
1​, ​T​i​ 

2​ ) − ​y​ i​​ ∥​	 (1)

to ℒ, where ∥ · ∥ is a differentiable norm. The only requirement for ​​ ̂  y ​​ 
is that the matching score be differentiable with respect to the net-
work parameters and well posed for backpropagation.

To avoid trivial transforms, such as setting all pixels identically 
to zero, nonmatching samples with yi = 0 must be presented during 
training. Coregistered (positive) chips are selected with probability 
0.5 and driven toward a perfect matching score, whereas nonmatch-
ing (negative) samples are driven toward either a worst-case mis-
match score or separation margin.
Implementation and training details
Our U-Net architecture is based off of the GitHub repository, 
Pytorch-UNet (33), and adapted by replacing the deconvolutions to 
resolve checkerboard artifacts as mentioned before. All transforms 
were trained using the Adam optimizer with a learning rate of 1 × 
10−5 over 300 epochs. The learning rate was decayed at an exponen-
tial rate of 0.995 every two epochs. Batch size was adjusted depend-
ing on training chip size to fit on the GPU, but no larger than 16. 
We relied on the OpenCV and Kornia Python libraries to imple-
ment the loss function for SIFT-based image registration (34, 35).

Area methods
Our training procedure for area-based registration methods directly 
optimizes registration performance on the training set. All area-
based registration techniques use a similarity score based on inten-
sity values to determine whether image chips match or not, which is 
simply driven toward perfect (matching) or worst-case (nonmatch-
ing) values to train our network. The NCC objective is widely appli-
cable and also useful for MI and related area-based methods.
Normalized cross-correlation
For a chip pair ​(​T​i​ 

1​, ​T​i​ 
2​)​, the zero-mean NCC score is defined as

	​​​    y ​​i​ 
NCC​  = ​   1 ─ n ​σ​ u​​ ​σ​ v​​ ​ ​∑ u,v​ ​​ ‍(​T​i​ 

1​(u, v) − ​μ​ 1​​ ) (​T​i​ 
2​(u, v) − ​μ​ 2​​)​	 (2)

where u, v are pixel coordinates in the chips, n is the number of 
pixels in each chip, and 1, 1 and 2, 2 are the respective means 
and SDs of the transformed chips. To optimize the transform, we drive 
the similarity score ​​​   y ​​i​ 

NCC​​ toward the label yi = 1 for positive samples 
and yi = 0 for negative samples using squared error over K pairs

	​​ ℒ​ NCC​​ = ​  1 ─ K ​ ​∑ i=0​ K  ​​‍ ∥ ​ ​   y ​​i​ 
NCC​ − ​y​ i​​ ​∥​2​ 2​​	 (3)

Feature methods
Unlike area methods, feature-based methods consist of two objec-
tives that must be optimized: detection in which reliable feature lo-
cations are identified and extraction in which descriptors that 
consistently represent unique structures are selected at detected lo-
cations (Fig. 2).
Scale-invariant feature transform
To optimize for SIFT, we incorporate the two objectives mentioned 
above into our loss function. Detector response is driven to a common 
domain using NCC optimization over the difference-of-Gaussian 
(DoG) pyramids from a pair of transformed image chips ​(​T​i​ 

1​, ​T​i​ 
2​)​

	​​ ℒ​ det​​  = ​  1 ─ K ​ ​∑ i=0​ K  ​​‍ ∥ ​ ​   y ​​​ NCC​(​P​j​ 1​, ​P​j​ 2​ ) − ​y​ i​​ ​∥​2​ 2​​	 (4)

where ​(​P​j​ 
1​, ​P​j​ 

2​)​ are pairs of 64 × 64 patches sampled from the DoG 
pyramids of the transformed input pair. During training, we ran-
domly extract 100 pyramid sample pairs from each input image 
with a negative matching rate of 0.5.

To optimize descriptor performance, we calculate the pairwise 
distance between the M detected keypoints in ​​T​i​ 

1​​ and the N detected 
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keypoints in ​​T​i​ 
2​​ (Eq. 5). During training, M and N are each fixed at 

500. Normalized descriptor pairs ​​​(​​ ​D​m​ 1 ​​​, ​​​D​n​ 2 ​​)​​​​ are extracted from each 
image, where ​​D​m​ 1 ​​ is the mth descriptor extracted from ​​T​i​ 

1​​ and ​​D​n​ 2 ​​ is 
the nth descriptor extracted from ​​T​i​ 

2​​. The Euclidean distance be-
tween the descriptor pairs ​​​   y ​​m,n​ desc​​ is driven toward a label ym, n, which 
is 0 if the corresponding keypoints match in scale and location, and 
driven toward the maximum margin a = 2 if they do not

	​​ ​   y ​​m,n​ desc​  = ​ ‖​D​m​ 1 ​ − ​D​n​ 2 ​‖​ 2​​​	 (5)

​​ℒ​ desc​​  = ​   1 ─ MN ​ ​∑ m=1​ M  ​​‍​∑ n=1​ N  ​​‍ ​y​ m,n​​ · ​​   y ​​m,n​ desc​ + (1 − ​y​ m,n​​) · max(0, a − ​​   y ​​m,n​ desc​)​	
(6)

The two loss functions are then jointly optimized as

	​ ℒ  =   ​ℒ​ det​​ + ​ℒ​ desc​​​	 (7)

where  is empirically chosen to be 10. To handle more keypoints at 
different scales, we randomly and identically scale the input pairs 
between 0.6 and 1.4 and crop to 256 pixels by 256 pixels, 400 pixels 
by 400 pixels, or 512 pixels by 512 pixels before transformation.

SUPPLEMENTARY MATERIALS
robotics.sciencemag.org/cgi/content/full/6/55/eabf3320/DC1
Fig. S1
Movies S1 to S3
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