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Abstract— Visual navigation plays an important role for
Unmanned Aerial Vehicles(UAVs). In some applications, the
landmark image and the real-time image may be heterogeneous,
like near-infrared and visible images. In this work, we propose
a multimodal image registration method to deal with near-
infrared and visible images so that it can be applied to visual
navigation system for the localization of UAVs in GPS-denied
environments. At first, a new feature extraction strategy is
developed to embed different modalities of images into the
common feature space based on disentangled representations.
Such common space is independent of the image modality,
and this can eliminate the modality differences. Meanwhile,
an intensity loss is introduced to measure the similarity of
mono-modal images. In the proposed method, we can directly
predict the transformation parameters and thus accelerates
the localization of UAVs. Extensive experiments on synthetic
datasets are conducted to demonstrate the validity of our
method, and the experimental results show that the proposed
method can effectively improve the localization accuracy.

I. INTRODUCTION

Recently, Global Positioning System(GPS) navigation has
been widely used for the localization of UAVs [1]. How-
ever, GPS is a passive navigation method, vulnerable to
electromagnetic interference and noise signal, and can not
be used in some scenes. Inertial navigation system(INS)
is an active navigation method, which has the advantages
of strong autonomy and robustness to external interference,
but it has positioning errors that accumulate over time.
With the development of computer vision technology, visual
navigation has become an important navigation method for
UAVs [2], [3], [4], [5]. In GPS-denied environments, in order
to preserve the reliability of the navigation system, visual
navigation system is often used as an aided navigation system
to correct the error of INS.

Using landmark images preloaded on the UAVs in con-
junction with real-time vertical view images is an available
navigation method [6]. Utilizing the geographic information
contained in the landmark images, we can get the position
of UAVs. Visible images are effortless to access and usually
serve as landmark images. However, visible images could be
easily affected by weather, light, clouds, etc. The quality of
the images obtained by visible sensors can not be guaranteed
when UAVs perform missions at night or in complex climatic
conditions. Some visual sensors such as the near-infrared
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Fig. 1: Diagram of the visual navigation system. Visible landmark
images containing geographic information are preloaded on the
UAV. According to the INS, the vertical view image is captured by
the near-infrared sensor when the UAV reaches near a landmark.
Then image registration between the real-time image and the cor-
responding landmark image is performed. Once the transformation
parameters are obtained, we could calculate the position of the UAV
based on the affine transformation model.

sensors have strong night imaging ability and work well
under bad weather conditions. Therefore, visual navigation
system with visible landmark images and near-infrared real-
time images is designed. The diagram of the visual naviga-
tion system is shown in Fig. 1. Multimodal image registration
is a crucial step which refers to the process of aligning two
images in space which are acquired by different sensors at
different times.

For the navigation system of UAVs, the registration of vis-
ible images and near-infrared images faces many challenges.
First, the imaging mechanism of visible sensors is different
from that of near-infrared sensors. There is a large nonlinear
gray distortion between them, which makes them look very
different in appearance. Visible images are more colorful,
more sensitive to light and contain more texture while near
infrared images lack detail and texture information. Second,
because of the drift error during flight, there is often a huge
geometric difference between real-time images and landmark
images, which makes the registration more difficult. Finally,
the multimodal image registration method needs to be not
only accurate but fast enough to ensure the localization
process is real-time.

In order to solve the above problems, this paper proposes
a fast multimodal image registration method for visible and
near-infrared images based on disentangled representations.
We make an assumption that images can be encoded into
a shape latent code from shape space and an attribute
latent code from attribute space. We reduce the modality
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differences by embedding both images into the shape space
during the process of feature extraction. Then we propose
an intensity loss which can constrain both the registration
network and the disentangled representation model. In order
to accelerate the localization process of UAVs, the method
is designed to predict affine transformation parameters di-
rectly in an end-to-end way. Experiment results show that
our method can effectively deal with the problem of large
geometric deformation.

The contributions of this paper are summarized as follows:
1) Based on disentangled representations, a new effective

feature extraction strategy is proposed to reduce the
differences between modalities.

2) An intensity loss is proposed to facilitate the learning
of both the registration network and the disentangled
representation model.

3) Our proposed method has shown competitive perfor-
mance on synthetic datasets and meet the requirements
of accuracy and speed.

The rest of this paper is arranged as follows. Section
II introduces the related literature. Section III describes
the image registration method in detail. Quantitative and
qualitative experiments are presented in Section IV. Finally,
some conclusions are made in Section V.

II. RELATED WORKS
As an increasingly important way of navigation, visual

navigation methods are first introduced in this section. Then
we summarize several feature extraction methods based
on image registration and matching. Finally, we introduce
some translation-based image registration methods which are
widely used in multimodal image registration recently.

Visual Navigation. There has been much literature on
visual navigation. In [7], the authors proposed an assisted
UAV localization method based on deep learning in GPS-
denied cases. In [8], the authors localized UAVs using
satellite images. They trained an autoencoder to encode
images to feature vectors and used an inner-product kernel
to compare them for matching. In [9], the authors proposed
a framework for aerial image registration, and they applied
it to UAV geolocalization. Compared with these schemes,
our method mainly focuses on environments that are stricter.
Since our real-time image and landmark image are images
of two different modalities, the image registration process is
more complicated and more crucial.

Feature Extraction. Compared with the traditional hand-
crafted features, the learnable features extracted by neural
networks are more robust and have stronger representation
ability. Recently, the double branch networks, including
Siamese networks and pseudo-Siamese networks, have been
widely used to embed images into feature space. Generally,
Siamese networks shared parameters between branches are
suitable for tasks with similar inputs. In [10], [11], [12],
[13], [14], [6], [15], the authors used Siamese networks to
extract features from input images. Pseudo-Siamese networks
with unshared parameters are often used to handle tasks
with discrepant inputs. In [16], [17], [18], pseudo-Siamese

networks were used for SAR and optical images registration
or matching. Our proposed network considers the character-
istics of Siamese networks and pseudo-Siamese networks.
For visible images and near-infrared images, the low-level
feature representations such as edges and texture are very
different. A pseudo-Siamese network is first used to learn
feature representations according to the characteristics of
respective input modalities. At the same time, we embed
both visible images and near-infrared images into the shape
space so that the modality differences are reduced. Then a
Siamese network is used to process features from shape space
because the feature representations are very similar now.

Image Translation. In order to deal with the problem
of multimodal image registration, many researchers have
adopted the method of image translation, which means con-
verting images of different modalities into the same modality.
In [19], in order to match optical and SAR images, optical
image blocks were used to generate SAR image blocks
by conditional generative adversarial networks(cGANs) [20].
With the help of generated image blocks, the authors realized
image blocks matching just by using conventional methods
such as SIFT [21]. In [22], the authors proposed a similar
method to perform image registration between visible and
infrared images. These two-step methods mainly focus on
generating images that are as similar as possible to real
images in appearance. However, image translation itself is
exactly a challenging task. When the quality of the generated
image is poor, it is difficult to obtain ideal registration
results. We reduce the effect of synthetic images quality
on registration by mainly focusing on the feature space
rather than the image space. We aim to get similar feature
representations instead of just generating images. Besides,
our proposed method can perform image translation and
image registration simultaneously rather than separately.

III. METHODS

The multimodal image registration method must meet the
requirements of accuracy and speed to be applied to the UAV
navigation system. Based on disentangled representations,
we reduce the differences between modalities and propose
an intensity loss to improve the accuracy. As for speed, our
proposed method can perform image registration by feature
extraction, matching and regression in an end-to-end way,
which avoids the complex post-processing process. In this
section, we detail the proposed multimodal image registration
method for visible and near-infrared images.

A. Overview

As shown in Fig. 2, our image registration framework
consists of six independent components and three sub-
networks. The six components are the two shape encoders
Es

x, E
s
y , the two attribute encoders Ea

x , E
a
y and the two

generators Gx, Gy , respectively. The three sub-networks are
the feature extraction network, the matching layer and the
regression network, respectively. Disentanglement procedure
is conducted in the process of feature extraction by image
reconstruction and image translation to reduce modality
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Fig. 2: Overview of the image registration framework. (a) The visible image and near-infrared image are encoded by shape encoder and
attribute encoder. Then the reconstructed image is generated by generator. (b) We swap the shape encoder to perform image translation and
generate an image. The generated image has the same “shape” as the visible image and the same “attribute” as the near-infrared image.
Meanwhile, image registration is performed by three sub-networks. It is worth noting that the feature extraction network has partially
shared parameters W .

differences. Then matching and regression are performed to
predict the affine transformation parameters θ.

B. Disentangled Representations

As shown in Fig. 3, we make an assumption that images
in different visual domains can be disentangled into a shared
shape space and a specific attribute space. The shape space
contains information that is invariant between modalities,
such as geometric structure. On the contrary, the attribute
space contains information that varies with modalities such
as texture, brightness, and some detail. Since the shape
space is domain-invariant, we can get modality-independent
feature representations of images from different domains by
mapping them into the common shape space. We can also
generate an image utilizing a shape latent code from shape
space and a attribute latent code from attribute space.

Let X ⊂ RH×W×3 be the visible image domain and
Y ⊂ RH×W×3 be the near-infrared image domain. x1 ∈ X
and y1 ∈ Y are the visible image and near-infrared image
to be registered, respectively. According to the assumption,
x1 can be mapped into the shape space S and the visible
attribute space Ax. We design a visible image shape encoder
Es

x and a visible image attribute encoder Ea
x to implement

this nonlinear mapping.

sx = Es
x(x1), ax = Ea

x(x1) (1)

Similarly, we can decompose image y1 into the shape space
S and the near-infrared attribute space Ay by a near-infrared

image shape encoder Es
y and a near-infrared image attribute

encoder Ea
y .

sy = Es
y(y1), ay = Ea

y (y1) (2)

Here, sx, sy ∈ S are the shape latent codes, and ax ∈
Ax, ay ∈ Ay are the attribute latent codes. Then, we
design a visible image generator Gx and a near-infrared
image generator Gy to implement image generation for the
two domains, respectively. As shown in Fig. 2(a), image
reconstruction is performed to make sure the latent codes
contain enough information to recover input images.

x̂1 = Gx(sx, ax), ŷ1 = Gy(sy, ay) (3)

The image reconstruction loss Lrecon is used to measure the
error between reconstructed images and input images. Lrecon

is formulated as follows:

Lrecon = Lx
recon + Ly

recon

= ||x1 − x̂1||1 + ||y1 − ŷ1||1
= ||x1 −Gx(sx, ax)||1 + ||y1 −Gy(sy, ay)||1

(4)

Here, || · ||1 represents the L1 norm. To realize the
disentanglement of the shape latent code and the attribute
latent code, as shown in Fig. 2(b), we swap the shape latent
code to perform image translation.

y2 = Gy(sx, ay) (5)

Here, y2 has the same attribute code with y1 and the same
shape code with x1. Therefore, y2 ∈ Y , is a near-infrared
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Fig. 3: Illustration of the assumption. There is a sample x1 in
domain X and a sample y1 in domain Y . x1 can be encoded into
a shape latent code sx and an attribute latent code ax. Similarly,
y1 can be encoded into sy and ay . Then sy and ax can be used
to generate a sample x2 that belongs to domain X . Sample y2 that
belongs to domain Y can be generated by sx and ay .

image and spatially aligned with the visible image x1. The
assumption in Fig. 3 is bidirectional, but we just perform
unidirectional translation based on Eq. (5). In fact, our
experiment results show that using the synthetic near-infrared
images only can get better registration results. Translating
images from near-infrared image domain to visible image
domain is more difficult than from visible image domain to
near-infrared image domain in our cases, so we just perform
unidirectional translation.

Since translated image y2 and image x1 are spatially
aligned, we can align image y1 with image y2 using an affine
transformation Tθ based on ground truth θ. The two aligned
images should be the same in overlap area. The translation
loss Ltrans is defined as follows:

Ltrans = ||Tθ(y1)
′ − y2

′||1 (6)

where (·)′ represents the overlap area of two images, || · ||1
represents the L1 norm.

C. Image Registration

As shown in Fig. 2(b), our image registration network
consists of three sub-networks: feature extraction network,
matching layer, and regression network. The whole image
registration network can be trained in an end-to-end way.

The shape encoders are not only used for disentanglement
but applied to feature extraction. As mentioned in Section II,
we first use pseudo-Siamese networks to deal with the input
images. The visible image shape encoder Es

x has the same
structure as the near-infrared image shape encoder Es

y but
shares no parameters with Es

y . The two branches of such
network can extract features according to the characteristics
of the input, respectively. Based on our disentangled rep-
resentation model, we can get high-level semantic features
sx and sy after the shape encoders. sx and sy are similar
because they are in the same feature space and contain
no information related to modalities. Then we utilize the
Siamese network to perform further feature extraction. The

advantage of Siamese networks is that they can guarantee
the features are always in the same feature space.

Given two feature maps output by the feature extraction
network, the purpose of the matching layer is to calculate the
similarity scores between the two feature maps. Given two
L2-normalized feature maps Fx, Fy ∈ RH×W×C , we can get
a score map S after matching layer. The matching process
is performed by global vector dot products. Compared with
concatenation [23] and subtraction [24], this method is better
at solving large geometric difference problems, so it is
suitable for our cases. Given the score map S output by
the matching layer, regression network can predict the affine
transformation parameters θ̂. More details about matching
layer and regression network can be found in [14]. After
getting the affine transformation parameters θ̂, we follow [14]
to define the grid loss as follows:

Lgrid =
1

N

N∑
i=1

d(Tθ(gi), Tθ̂(gi)) (7)

where N is the number of grid points, d(·) represents the
Euclidean distance and gi is the grid point.

Grid loss is directly calculated by the position of grid
points, it does not take image itself into account. Based on
the disentangled representation model, we translate image
x1 into image y2. Since both y1 and y2 are near-infrared
images, the similarity between y1 and y2 can be measured
by a simple metric for mono-modal image. We define the
intensity loss Linten as follows:

Linten = ||Tθ̂(y1)
′ − y2

′||1 (8)

where (·)′ represents the overlap area, ||·||1 represents the L1
norm, Tθ̂ is affine transformation using predicted parameter
θ̂. Compared with grid loss, intensity loss is not only related
to θ̂ but related to the generated image intensity. This
means that the intensity loss can simultaneously facilitate
the learning of both registration network and disentangled
representation model.

The total loss of our image registration framework is
defined as follows:

L = λ1Lrecon + λ2Ltrans + λ3Lgrid + λ4Linten (9)

IV. EXPERIMENTS

In this section, the proposed method is evaluated on syn-
thetic datasets. Our proposed method is compared with sev-
eral methods including the baseline method GEOCNN [14],
two translation-based methods GEOCNN+MUNIT [25] and
GEOCNN+DRIT++ [26]. Quantitative and qualitative exper-
iment results demonstrate the effectiveness of our method.

A. Datasets

Since little research on multimodal visual localization of
UAVs has been done, there are no available datasets for
our method. VEDAI [27] is an aerial image dataset that
contains 1271 pairs of registered visible and near-infrared
images. All the images are captured from a vertical view
at the same height. We select some pairs of images with
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Fig. 4: Qualitative results. The checkerboard mosaic image of each
sample based on four methods is shown.

distinguishable road features from VEDAI. Then we trans-
form the visible images using a random affine transformation
that includes translation and rotation. The corresponding
affine transformation parameters are saved as labels. We crop
the central area of visible images and near-infrared images
and use them as landmark images and real-time images,
respectively. Finally, we get three datasets with different
complexity, which are VEDAI-1, VEDAI-2 and VEDAI-3.
The overlapping ratio of the paired images is 60%∼100%,
70%∼100%, and 80%∼100%, respectively. Each dataset
contains 9600 pairs of images with a size of 256×256 pixels.

B. Implementation Details

The structure of our shape encoders, attribute encoders
and generators are consistent with MUNIT [25]. The rest
of the feature extraction network contains a pooling layer, a
convolutional layer, an activation function ReLU [28] and a
pooling layer in turn. Our regression network contains two
convolutional layers and one fully connected layer. There is
a batch normalization layer [29] and an activation function
ReLU after each convolutional layer. The four hyperparam-
eters in Eq. (9) are set to λ1 = 10, λ2 = 1, λ3 = 10, λ4 = 1,
respectively. To save training costs, instead of an exact
overlap area, we used a square area of 50 × 50 pixels in
the centre of the image to calculate Eq. (6) and Eq. (8).

All the experiments are performed on an NVIDIA GeForce
RTX 3090 GPU with 24-GB memory. We use the Py-
torch [30] framework to implement the proposed network.
The network is trained using Adam [31] optimizer with an
initial learning rate of 10−4 for 400 epochs. The learning rate
is reduced by 0.5 every 150 epochs. A total of 8000 pairs of
images are used to train the model and the remaining 1600
pairs are used for testing.

C. Evaluation Criterion

In order to measure the error of localization, we use
the center point of images to approximate the position of

the UAVs. Then we define the RMSE, which means the
Euclidean distance between the center point after ground
truth transformation and the center point after predicted
transformation. In addition to RMSE, we use three evaluation
criteria which are normalized mutual information(NMI) [32],
the average probability of correct keypoint(PCK) [33] and
FPS to evaluate our method. As for PCK, we uniformly
select 100 points on each image as key points, and the
hyperparameter α is set to 0.05. RMSE, NMI and PCK
measure the accuracy. FPS measures the running time.

D. Comparison with Baseline Approaches

In this part, our proposed method is compared with
three methods using the four metrics on the three synthetic
datasets. For the two translation-based methods, image trans-
lation is performed first, and then GEOCNN is applied to
register images.

Qualitative results are shown in Fig. 4. We randomly select
four pairs of images from test sets and predict the affine
parameters by four methods. Source image is transformed
with predicted parameters to align with target image. We
can intuitively estimate the quality of registration results
from the checkerboard mosaic images. Our method obtains
more consistent mosaic images most of the time while the
other three methods get unsatisfactory results. This means
our proposed method gets higher registration accuracy.

Quantitative results are shown in Table I. Unlike [19]
and [22], the two translation-based methods show almost
no improvement in all metrics. The reason for the unsat-
isfactory registration results mainly focuses on the poor
quality of the generated images. Complex natural scenes
and high resolution of images both lead to a decrease in
translation performance. As described in Section II, these
two-step registration methods are limited by the quality of
the generated images. Compared with these two separate
translation-based methods, our proposed method focuses on
the alignment on the feature level rather than the image level.
Therefore, poor generated images do not have much impact
on our registration process. Our method achieves 1.154,
0.393, and 0.467 in RMSE, NMI, and PCK on VEDAI-1,
which is a huge improvement compared with the baseline
method GEOCNN. This means that our proposed method can
improve accuracy effectively. Since VEDAI-2 and VEDAI-
3 are relatively simple, the performance of each method on
each metric is almost improved compared with the results
on VEDAI-1. Similarly, our method is still the one that has
the best performance, and the two translation-based methods
are still not ideal. Comparing the results on all datasets, our
method has the most significant improvement on the VEDAI-
1 dataset, which also shows that our method is suitable for
cases of large geometric deformations.

According to the FPS, GEOCNN is the fastest method.
Our proposed method is slightly slower and achieves 153.8
FPS. Since the translation-based method is two-step, these
two methods are the slowest. In fact, during testing, the
attribute encoders and generators are removed, and our net-
work structure is consistent with GEOCNN. The difference
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TABLE I: QUANTITATIVE RESULTS

Methods
VEDAI-1 VEDAI-2 VEDAI-3

FPS
RMSE NMI PCK RMSE NMI PCK RMSE NMI PCK

GEOCNN 1.543 0.360 0.321 1.055 0.373 0.510 0.593 0.384 0.784 191.0191.0191.0
GEOCNN+MUNIT 1.652 0.361 0.292 1.457 0.360 0.330 0.786 0.375 0.593 56.3
GEOCNN+DRIT++ 1.764 0.355 0.246 1.302 0.366 0.340 0.806 0.374 0.632 62.5

Ours 1.1541.1541.154 0.3930.3930.393 0.4670.4670.467 0.8810.8810.881 0.3980.3980.398 0.6020.6020.602 0.4870.4870.487 0.4010.4010.401 0.8320.8320.832 153.8

TABLE II: ABLATION STUDY

disentanglement intensity loss
VEDAI-1 VEDAI-2 VEDAI-3

RMSE NMI PCK RMSE NMI PCK RMSE NMI PCK

✓ ✓ 1.154 0.393 0.467 0.881 0.398 0.602 0.487 0.401 0.832
✓ ✗ 1.278 0.369 0.412 0.989 0.372 0.546 0.625 0.379 0.776
✗ ✗ 1.609 0.359 0.293 1.219 0.362 0.417 0.683 0.376 0.723

in FPS between GEOCNN and our method is caused by the
use of different backbones for feature extraction.

E. Ablation Study

In this part, we perform experiments on the three generated
datasets based on three different experimental configurations
to verify the effectiveness of two components: the disentan-
glement component and intensity loss.

• Configuration 1 uses the whole network we proposed.
• Configuration 2 uses the network without intensity loss.
• Configuration 3 uses a network just contains feature

extraction network, matching layer and regression net-
work. It only performs image registration.

Table II shows the results of ablation study. By comparing
configuration 2 with configuration 3, we find that all results
of configuration 2 are better than configuration 3. This means
that the disentanglement component can improve accuracy
effectively. Based on the disentangled representation model,
we transform images of different modalities into the same
feature space to reduce differences and thus improve the im-
age registration accuracy. By comparing configuration 1 with
configuration 2, we can verify the effectiveness of intensity
loss. We can find that all the metrics are improved after
using the intensity loss. The RMSE is significantly improved
with a 22.1% improvement on VEDAI-3. Intensity loss can
facilitate the learning of both the disentangled representation
model and the registration network. Compared with grid loss,
intensity loss takes image intensity into account and thus
improves the accuracy.

F. Visualization of Feature Maps

Though we have shown improvement of using disentan-
gled representations, it is uncertain that the improvement is
due to the reduction of differences between modalities. In
this section, we design an experiment to prove that the disen-
tangled representations does reduce the differences between
modalities. We select several pairs of registered images from
VEDAI dataset and crop the central area as input images.
Since the input images are registered, the two feature maps

VIS feature map NIR feature map

VIS image NIR image

Fig. 5: Feature map visualization of a sample. The top row is
the results of configuration 2. The bottom row is the results of
configuration 3.

output by two branches of the feature extraction network
should be the same if the differences are reduced. As shown
in Fig. 5, we compare the results of configurations 2 and
3. The only difference between them is using disentangled
representations or not. The size of feature maps is resized
to 16 × 16 pixels with single channel. Configuration 2
which uses disentangled representations gets more similar
feature maps. This means that our proposed disentangled
representations does reduce the modality differences.

V. CONCLUSION
This paper presents a fast and accurate multimodal image

registration method for UAV visual navigation system based
on visible images and near-infrared images. Based on disen-
tangled representations, we propose a new feature extraction
strategy. We convert the visible images and near-infrared
images into the same feature space to reduce the modality
differences at feature level. Then we propose a simple inten-
sity loss, which can make better use of image information.
Compared with other translation-based methods, our pro-
posed method is less affected by the quality of the generated
images. Extensive experiments have shown that our proposed
method can effectively improve localization accuracy. Then
we prove the effectiveness of each component by ablation
study. Compared with existing methods, our method offers
higher localization accuracy with less reduction in speed.
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