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Abstract

This paper presents the work on integrating our Vision-Aided Inertial Navigation System
(VaINS) with orthophoto matching to increase robustness to GNSS failure. Normalized
cross-correlation is used to match onboard camera images with geo-referenced aerial
imagery. Image sequences captured at a nadir angle by VaINS on a fixed-wing UAV
are used in this experiment. The integrated navigation results are compared to both
a smoothed GNSS-aided reference solution and the standalone VaINS solution during
simulated GNSS-denied intervals. The results demonstrate that the integrated approach
significantly outperforms the VaINS-only method. This is a preliminary investigation
within ongoing work in orthophoto matching.
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1. Introduction

Many unmanned aerial vehicles (UAVs) depend on Global Navigation Satellite System
(GNSS) signals and inertial measurement units (IMUs) for accurate navigation. However,
small UAVs with limited payloads often use low-performance IMUs, such that even brief
GNSS outages lead to significant navigation errors due to high drift rates.

The Norwegian Defence Research Establishment (FFI) has been exploring an image-
aided inertial navigation system [1] that integrates inertial sensor data with position data
of image feature points across a sequence of images, using an error-state Extended Kalman
Filter (EKF). A real-time navigation system called the Vision-Aided Inertial Navigation
System (VaINS) was deployed and tested on a fixed-wing UAV [2] to collect data from mul-
tiple flights with varying camera pitch angles and were subsequently evaluated. Despite
its increased performance, VaINS still experiences drift in error over time, necessitating
a compensation mechanism. To address this, we propose an integrated navigation solu-
tion which combines visual-inertial odometry [1] and orthophoto matching that matches
onboard images with geo-referenced aerial images (orthophotos).

The methods to address correspondence in geo-matching can generally be classified
into the following three main categories: feature-point matching, template matching, and
deep learning-based matching [3]. Feature-based matching involves extracting predefined
features from both images and establishing correspondence based on these features. In
contrast, template matching uses cross-correlation, applying a similarity measure to identify
the best match between images. Deep learning-based matching integrates traditional
computer vision techniques with neural networks.
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Numerous methods [4-9] have been developed to match onboard camera images
with geo-referenced imagery for aircraft positioning. Conte and Doherty [4] introduced a
two-layer framework combining image alignment via normalized cross-correlation with
inertial data integration. Grénwall et al. [5] enhanced this by incorporating lidar, while
Patterson et al. [6] extended it using map features to improve 2D positioning.

Lindsten et al. [7] segmented camera and reference images into regions for matching.
Cesetti et al. [8] applied scale-invariant feature transform (SIFT) feature matching, though
their method required high-altitude operation. Chiue et al. [9] combined inertial data
with 2D-3D tie points and geo-referenced feature tracks for image alignment and robust
geo-referencing.

Orthophoto matching in the proposed navigation system employs normalized cross-
correlation [10] (NCC), an area-based method, inspired by the work of Conte and Do-
herty [4], to align downward-facing onboard imagery with geo-referenced aerial images.
Evaluating the position accuracy from NCC is challenging due to the lack of a universal
algorithm for converting NCC into an accuracy measure. Conte and Dochery [4] state they
use the NCC to compute the maximum likelihood, but do not show how. Tuna et al. [11]
use the NCC directly as particle filter weights without specific arguments for this, while
Vernaza and Lee [12] use a scaled NCC via a sigmoid function to generate a maximum like-
lihood for their Rao-Blackwellized particle filter update. However, Zucker [13] addressed
this in 1D using a signal model linking NCC to maximum likelihood for radial velocity
analysis. In this work, we extend Zucker’s approach to 2D and introduce a component to
estimate the number of independent pixels for accuracy estimation.

This document describes orthophoto matching using NCC, integration of orthophoto
matching with the INS, its performance in real data, and concludes the performance and
presents the future works.

2. Orthophoto Matching

This section describes an algorithm that matches onboard camera images with or-
thophoto using normalized cross-correlation. Figure 1 shows the orthophoto-matching
module, and the following subsections describe the algorithm in detail.

Navigation
system

Estimated position and
Heading
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E Orthophoto-matching f——

sequence
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Figure 1. Orthophoto-matching module.

2.1. Initialization

Orthophoto matching requires a geo-reference image, the estimated navigation data
from the INS, and the image sequence from the onboard camera system. The image
timestamp is used to obtain the corresponding position and orientation from the estimated
navigation solution. The onboard camera image is then rescaled to match the resolution of
the orthophoto, referred to as the scaled camera image.

This study used image sequences captured at a nominal 90° pitch angle, but the
aircraft’s orientation and camera misalignment caused the footprint deviation from the
true nadir position. The corrected footprint is computed using aircraft attitude and camera
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misalignment. However, the terrain was assumed flat and orthorectification was avoided
since we only considered periods of near-zero pitch and roll angles. To ensure that the
scaled camera image fits after rotation, a region three times its size is cropped around
the corrected footprint; then, it is rotated based on the estimated heading and the yaw
misalignment angle of the camera. This is referred to as the rotated search region.

2.2. Template Matching

Template matching using the normalized cross-correlation (NCC) algorithm is per-
formed between the scaled camera image and the rotated search region. Let I(i, j) denote
the scaled camera image and R(i, j) the rotated search region image, then (1) expresses
the NCC between I and R, where u; and pr are the average pixel values of the I and the
R, respectively.
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Firstly, NCC is performed within a predefined region around the center of the rotated

NCC(u,v)

)

search region to reduce computational time. The maximum NCC value (NCC,,;y1), its
position (Maxs1), and an uncertainty measure, named simplified NCC,, based on the
dispersion of high NCC values are computed.

Figure 2 shows a scaled camera image (a), the corresponding rotated search region
with predefined NCC computational region (b), and the corresponding NCC matrix (c).

(@) (b) ()

Figure 2. (a) Scaled camera image. (b) Rotated search region with predefined NCC computational

region. (¢) NCC, where the center is marked yellow, its maximum value position is marked green,
and the corresponding position in (b) is marked magenta.

If the NCCpyup1 exceeds a predefined threshold, the simplified NCC, is below a
specified limit, and the Max 51 lies well within the matrix boundaries, the process proceeds
to the next step. Otherwise, the matched position is rejected.

Then, the rotated search region is further rotated over a small range of angles around
its initial orientation to account for the uncertainty in the yaw angle estimate from the INS.
The NCC is then computed within a smaller region around the initial maximum position
(Maxp,s1). The global maximum and its position (Max posZ) after the rotations are recorded.
If Maxposo lies well within the matrix, it is accepted as the correct camera position, and the
yaw angle is corrected accordingly. Otherwise, the process moves to the next step.

Finally, the rotated search region obtained after the second step is used to calculate the
NCC within a larger region around Maxpesz. If the new maximum NCC position (Max pes3)
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is located well within the matrix boundaries, it is accepted as the correct position; otherwise,
it is discarded. The following figure, Figure 3, shows the camera image (left) and the region
that matched its search region of orthophoto (right).

Figure 3. (Left) Camera image. (Right) Matched region in orthophoto.

3. Integration of Orthophoto Matching

Figure 4 shows the integration of the orthophoto-matching module with VaINS by
using the estimated position and orientation from ValNS as the initial parameter. The
estimated position from orthophoto matching is sent to the EKF as a global position update,
also requiring an estimate of its accuracy to be established for proper integration.

| Geo-referenced image |

Orthophoto-matching

Image Estimated position and orientation
sequence

Global position

i
Image-feature-point 1
tracking 1

i

I
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Kalman Filter | and uncertainty
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Figure 4. Integrated module of VaINS with orthophoto matching.

One option we looked at was to use the simplified NCC, described in Section 2.2.
Another is described in Section 3.1, where an accuracy estimate is presented by extending
Zucker’s 1D algorithm to 2D using a simplified stochastic model for the image measure-
ments. However, this model proved overconfident due to incorrect assumptions about
pixel independence. To address this, Section 3.2 focuses on determining the actual number
of effective pixels due to the actual dependency present.

3.1. Uncertainity from Zucker’s Algorithm in 2D

In [13] Zucker introduces a 1D stochastic signal spectrum measurement model that en-
ables a connection between the NCC and its accuracy via Maximum Likelihood Estimation
(MLE). The corresponding 2D model for image measurements is given by

I(x,y) = sR(x —ox,y — dy) + w(x,y), 2)

where s is an unknown scalar, (0x,dy) is the unknown translation, and w is Gaussian
white noise error with unknown scalar variance 2. By formulating the estimation of the
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translation as a MLE problem with (2) as model, and based on Zucker [13], we find the log
measurement likelihood as

log L(x,y) :fg log(l - NCC(x,y)z) +c, (3)

where ¢ is a constant and 7 is the number of pixels, here assumed to be independent. If all
the model assumptions are correct, the MLE reaches the Cramer—Rao lower bound (CRLB)
and we can use the CRLB covariance matrix as an estimate of the accuracy of the translation
estimates found using NCC.

3.2. Number of Effective Pixels

The estimated accuracy computed directly using the algorithm in Section 3.1 was
found to be strongly overconfident. The main reason is that the pixel measurements in
model (2) cannot be considered independent. In fact, there are a lot of reasons for expecting
spatial correlations. Given that both I and R are images of an underlying scene that is not
completely the same, we expect that neighbor pixels are correlated because of, e.g., different
lighting situations, objects that are present in one image but not the other, man-made
changes, or natural seasonal changes. To model this, we tried to estimate the number of
effective pixels 7, s that replace 1 used in (3). Our approach is a generalization to 2D of the
counting algorithm described for 1D sample sets in, e.g., [14]. First, we calculate the residual
image from model (2) (see Figure 5 (left)) and then the normalized autocorrelation of this
image shown in Figure 5 (right). Notice that anisotropic features in the residual image
such as the roads break symmetry and are therefore also clearly visible in the normalized
autocorrelation, as it is wider in the north-west/south-east direction. There are also signs of
boundary effects, indicating that probably only the central part of the estimated normalized
autocorrelation should be used, e.g., by using the first transit through zero as described
in [15]. The normalized autocorrelation clearly indicates the presence of a high degree of
spatial correlation. This normalized autocorrelation is then used as a measure of spatial
correlation and as an input to a 2D version of the counting procedure in [14] that produces
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Figure 5. (Left) Example of a residual image I-sR. (Right) The corresponding normalized autocorrela-

an estimate of 7,5y

tion of the residual image.

4. Experimental Setup

VaINS was used as a data-logging box on a fixed-wing UAV Scout in an earlier
experiment [2]. It consists of three sensors and two processing units. The sensors are the
MTi-100 MEMS IMU, a u-blox GPS, and an embedded Basler da1600 monochrome camera.
The data were collected through five flights covering various parts of the landscape. For
this study, only two datasets with pitch angle of 90° were used. The camera system in
ValNS provided 8-bit monochromatic images with 10 Hz frame rate at a resolution of
1600 x 1200 pixels.
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NavLab4, an updated version of the tool referenced in [16], was used to process and
analyze the data in an offline setting. IMU and GPS data were processed using NavLab4’s
optimal smoother to produce a reference dataset representing the aircraft’s position and
orientation. This reference solution serves as the benchmark for evaluating both orthophoto
matching and the integrated solution.

5. Performance
5.1. Orthophoto Matching

We observed that orthophoto matching performed quite effectively, particularly in the
middle section of the flight where several man-made structures were present. Furthermore,
it produced reasonable matches at the beginning and end of the flight, where no man-
made structures were present. Figure 6 highlights the areas where orthophoto matching
performed effectively.

Figure 6. Locations where NCC-based template matching was effective. The purple square marks the
matched camera position; the green rectangle shows the image footprint.

A comparison of the normalized cross-correlation maximum values (NCC,,4y) reveals
that the values from the middle section are generally higher than those at the beginning
and at the end.

Figures 7 and 8 show the position error plots comparing the reference and orthophoto
matching during the GNSS-denied interval for the two datasets. The left side displays
errors in the north and east directions, along with estimated uncertainties. The right side
shows the Normalized Error Estimation Squared (NEES) and the 50% and 95% Circular
Error Probabilities (CEP50, CEP95).

For both datasets, the errors (left side) mostly stay within the estimated uncertainties.
However, on the second flight (Figure 8), they exceed between 730 and 810 s and at the
end of the flight. The NEES plots (right side) also remain within the CEP bounds most of
the time but exceed even the upper bound during the same intervals. These discrepancies
occur in areas where only vegetation and lakes are present.
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Figure 7. First dataset: (a) north and east error (blue) plotted with the estimated Zucker uncertainty
(red) and the simplified NCC, (green). (b) The corresponding NEES for Zucker (red) and NCC (blue)
with the CEP50 and CEP95 confidence levels.
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Figure 8. Second dataset: (a) north and east error (blue) plotted with the estimated Zucker uncertainty
(red) and simplified NCC (green). (b) The corresponding NEES for Zucker (red) and NCC (blue)
with the CEP50 and CEP95 confidence levels.

5.2. Integrated Solution

The VaINS solution and the integrated orthophoto-matching solution are individually
compared against the reference solution within the simulated GNSS-denied time intervals.
Their performance is evaluated based on the root-mean-square (RMS) error between each
solution and the reference solution.

The following figure shows the RMS plot for the two datasets. The blue line shows
the RMS of the VaINS solution, and the red line shows the RMS of the integrated solution.
A comparison between the blue and red plots in Figure 9 highlights the performance
improvement achieved by integrating orthophoto matching with the VaINS, particularly
within the time interval of 824-1170 s. in the first dataset and 780-1057 s. in the second
dataset. Figure 9 demonstrates that the error of the integrated solution remains within 26 m
throughout the GNSS-denied interval in both datasets. However, the VaINS solution shows
a higher error, remaining within 95 m for the first dataset and 70 m for the second dataset.

To further compare performance, additional statistics, the maximum RMS error during
the GNSS-denied period (MaxE) and the RMS error at the end of that period (EndE)—are
computed. Table 1 tabulates the GNSS-denied duration, flight distance, MaxE, and EndE
for both datasets. The statistics for the VaINS solution (Va), the integrated solution (In), and
the free inertial (Free) are reported separately.
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Figure 9. RMS error between the image-aided solutions and the reference solution for the two
datasets: (a) first dataset and (b) second dataset. The RMS error of the VaINS solution is shown in
blue, while the RMS error of the integrated solution is shown in red.

Table 1. Statistics for both datasets: GPS-disabled duration, flight distance, maximum error (MaxE)
within the duration, and the RMS error at the end of duration (EndE). “Va” denotes the VaINS
solution, “In” denotes the integrated solution, and “Free” denotes the free inertial.

Data Set Distance (m) Duration (s) MaxE (m) EndE (m)
Va In Va In Free
1 7136 550 95.9 26.4 95.7 4.3 8325
2 5976 435 69.6 21.3 33.8 8.8 2166

A comparison of MaxE values between the VaINS and integrated solutions reveals
that the integrated solution reduces the MaxE by 72% in the first dataset and 69% in the
second. Similarly, the EndE is reduced by 95% in the first dataset and 74% in the second.
Comparing MaxE and EndE, the integrated solution outperformed the free-inertial.

6. Conclusions and Future Work

An integrated navigation system for GNSS-denied environments is presented, inte-
grating a Vision-Aided Inertial Navigation System (VaINS) with orthophoto matching, and
tested using two nadir-view image sequences captured by a fixed-wing UAV.

The ValINS solution and the integrated solution were then individually compared
against the reference solution during a simulated GNSS-denied time interval. The inte-
grated solution reduced the maximum RMS position error by approximately 70%, compared
to ValNS solution, and maintained a bounded position error of less than 26 m throughout
the GNSS-denied time intervals.

This study serves as a preliminary investigation into orthophoto matching, with a
limited scope. Future work could expand this by testing various similarity measures for
template matching to determine the most effective approach. Other methods for evaluating
accuracy from the NCC could also be investigated further. With measurement likelihood
computed from the NCC surface, future work can also focus on implementing an estimator
to fuse matching results from multiple consecutive sequential images.

As an alternative to current orthophoto matching, matching could be performed by
comparing current flight images with geo-referenced images from a previous flight or from
earlier passes within the same flight.
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