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Abstract

In this work, we address the difficulty of matching local
features between images captured at distant points in time
resulting in a global appearance change. Inspired by recent
neural style transfer techniques, we propose to use an im-
age transformation network to translate night images into
day-like appearance, with the objective of better matching
performance. We extend traditional style transfer, that op-
timize for content and style, with a keypoint matching loss
function. The joint optimization of these losses allows our
model to generate images that can significantly improve the
performance of local feature matching, in a self-supervised
way. As a result, our approach is flexible and does not re-
quire paired training data, which is difficult to obtain in
practice. We show how our method can be used as an exten-
sion to a state-of-the-art differentiable feature extractor to
improve its performance in challenging scenarios. This is
demonstrated in our evaluation on day-night image matching
and visual localization tasks with night-rain image queries.

1. Introduction

Visual localization, the computation of the camera pose
and orientation from images, is an important part of appli-
cations such as 3D reconstruction [6], image-based render-
ing [30] and augmented reality and robotics [16]. At the
core, visual localization often relies on accurately comput-
ing and matching image keypoints of a query image with
respect to reference images. However, especially in out-
door scenarios, these images can largely vary in terms of
illumination, season, scene structure and viewpoint, making
matching inherently challenging. An ideal feature extractor
should be invariant to these changes while still detecting and
accurately matching keypoints.

Sparse local feature extractors such as SIFT [15] have
proven to be very suitable for applications requiring precise

(a) D2-Net, 345 inliers

(b) D2-Net + ToDayGAN, 290 inliers

(c) D2-Net + Transformer (ours), 674 inliers

Figure 1: Comparison between different methods on a night-
day image pair from RobotCar [17]. The first row shows
the results of plain D2-Net [5]. The second row uses the
ToDayGAN model [2] to translate the night image into day
before computing D2-Net features. Our approach (third
row) uses a self-supervised style transfer combined with D2-
Net to transform the night image in a way that significantly
improves the matching results.

pixel-correspondences, but have difficulties with extreme
illumination changes [36]. An alternative to designing hand-
crafted invariant feature extractors is to learn this invariance
from data [5, 20, 34]. However, this requires corresponding
training data and robust features often come with a trade-
off with respect to accuracy [5]. Recent advances in image
transformations [9] have shown an alternative to address
this domain gap. The goal is to modify the query image
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to resemble reference images to improve the performance
of localization [2, 19]. However, these methods require
training data from the targeted different conditions and the
improvement of the performance is limited to the trained
transformation.

In our method we address the challenge of matching im-
ages under adverse conditions without the need of additional
training data. Instead we infer the transformation directly
from the image pair to be matched, which allows handling
various appearance transformations. The proposed solution
is an extension of state-of-the-art differentiable feature de-
scription pipeline designed to increase the number of correct
matches in cases of severe differences in appearance, see Fig-
ure 1. The goal is to reduce the domain gap of the images by
transforming the query image accordingly and performing
the image matching on the transformed image. While tra-
ditional style transfer methods synthesize visually pleasant
images, this does not automatically lead to a better match-
ing performance. To address this problem, we introduce an
additional matching loss such that the image transformation
targets matching performance.

The contribution of this work is threefold: (1) We pro-
pose a novel approach for keypoint matching under adverse
conditions, through style transfer based image translation.
In particular we propose optimizing an additional matching
loss for the translation of query images. (2) The proposed
translation is self-supervised and does not require training
data. It can be applied to any image pair and there is no
explicit constraint on the type of adverse condition (night,
rain, etc.). (3) Our evaluation demonstrates the effective-
ness of the proposed solution on both image matching and
localization in challenging scenarios.

2. Related Work
Handcrafted local feature descriptors such as SIFT [15],

are still very common and often used in practice. A com-
prehensive overview can be found in [18]. These traditional
methods perform feature matching by first detecting key-
points and then computing matches between the descrip-
tors. However, they have difficulties in severe illumination
changes such as matching day-night images [36].

With the increased success of deep learning in various
computer vision areas, learning invariant features from data
was also explored [25]. Now, most recent methods suggest
to learn to detect-and-describe keypoints in a single step [4,
5, 20] to increase the robustness of local features. On top of
the detection and descriptor stage, SuperGlue [22] recently
proposed a network for learned matching. These methods
have achieved state-of-the-art results in visual localization.
Another alternative is to circumvent the detection stage for
the night image and densely selecting keypoints [8]. The
increase in robustness comes with an increase of computation
and memory requirements.

One direction to improve long-term localization is to rely
on semantic information [26, 31, 32]. For example Schon-
berger et al. [26] require depth maps and rely jointly on 3D
geometric and semantic information. Stenborg et al. [31]
perform semantic segmentation on the query image which is
used together with a 3D semantic segmentation of the scene.
Finally, Toft et al. [32] integrate the semantic segmentation
of the images with the standard visual localization pipeline.
The proposed solution uses semantic matching score to prior-
itize more consistent matches during RANSAC-based pose
estimation. Despite the improvements, these approaches are
not applicable to a wide variety of scenarios and require
ground truth segmentation data for training.

A more promising direction is to consider transforming
the challenging query image to resemble more the refer-
ence images, for improved matching and localization per-
formances. Image-to-image translation methods [9, 14, 37]
are among the main methods to bridge this domain gap.
ToDayGAN [2] uses unsupervised image-to-image transfor-
mation [1, 37] to improve the localization performance of
night query images. Before matching, query images are
transformed by a network to day-like images. The used
transformer network is trained on a set consisting of day
and night images. By using CycleGAN [37], the method
does not require aligned image pairs, however the improved
localization is still mainly limited to transformations corre-
sponding to the training dataset. A similar approach, which
also uses cycle-consistency of GANs, is presented by Po-
rav et al. [19]. Their approach also includes a descriptor
specific loss helping to generate images suitable for match-
ing, but requires a fine-tuning stage with aligned image pairs
that are difficult to obtain in practice. Moreover, similarly
to [2], their transformer is still pretrained to handle a spe-
cific domain shift such as night-to-day or rain-to-day. Each
transformation requires a different network trained on a cor-
responding training set containing images from source and
target domain.

Our method also uses image translation to improve match-
ing, however the strategy we adopt is based on style trans-
fer [7], which allows to modify an input image (the query)
based on the style of a reference image. Originally applied
to transfer abstract artistic styles, recent methods also focus
on creating photorealistic images [13, 35]. However, the
objective is to generate visually pleasant result, which does
not automatically result in images suitable for feature extrac-
tors. Local low-level images statistics of these artificially
created images can be drastically different compared to nat-
ural images, making it even more difficult to find matches
with existing methods using local features. By integrating a
matching loss, our solution ensures that the image translation
improves the matching performance. The proposed trans-
former network is self-supervised, making it more flexible
and reduces the necessity of a specific training data.



Keypoint matching loss
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Figure 2: Our transformer network approach. Given day and night images Id and In to be matched, we generate an intermediate
image I∗n by optimizing standard content and style losses (not illustrated here) combined with our proposed keypoint matching
loss. Based on initial keypoint matches between In and Id, this formulation helps the transformer network to generate an
image I∗n more suitable for matching with Id compared with traditional style transfer methods. F corresponds to a fixed
descriptor model such as D2-Net [5].

3. Method

The objective of this work is to propose a transforma-
tion of images taken under adverse conditions (nigh, rain,
etc.) to day-like conditions, more similar to the reference
images used for localization to improve the matching per-
formance. We frame this matching problem under the style
transfer framework, where the content image corresponds
to the query image (e.g. night) and the style image corre-
sponds to the reference image, i.e. normally day images.
Below we start with a description of the classic optimization-
based style transfer [7], followed by our proposed solution
to improve the matching.

Image transformation network. Let T be an image trans-
formation network (that we also call transformer) and In,
Id representing the night and day RGB images, or more
generally the query and reference images, that we want to
match. Our goal is to translate In using T into a new RGB
image I∗n = T (In) resembling more the appearance style
of Id. The transformation is obtained by iteratively modi-
fying the input image In with respect to the style of Id by
minimizing a style loss, Lstyle(I

∗
n, Id), and a content loss,

Lcontent(I
∗
n, In):

Limage = Lstyle(I
∗
n, Id) + Lcontent(I

∗
n, In) , (1)

where we assume that the transferred style representation of
Id accurately captures the day illumination condition. We
use the same transformer network as in [11], which is a fully
convolutional encoder-decoder model illustrated in Figure 2.

The style representation of an image can be captured with
the Gram matrix of CNN features [7] using a fixed VGG-16
network [29] pretrained on ImageNet [21]. Let φ be this
VGG-16 network, where φj(x) denotes the Hj × Wj × Cj

feature map at layer j, for the input image x ∈ RH×W×3.
The Gram matrix at layer j can be defined as

Gj(x) = φ′j(x)
T φ′j(x) ∈ RCj×Cj , (2)

where φ′j(x) is the 2D matrix representation of the j-th
feature map with size HjWj × Cj , obtained with a simple
reshaping operation. The style loss is then defined as

Lstyle(I
∗
n, Id) =

∑
j∈S

∥∥∥∥Gj(I
∗
n)−Gj(Id)

HjWjCj

∥∥∥∥2
2

, (3)

where S = {relu1 2, relu2 2, relu3 3, relu4 3} is the
considered set of VGG-16 layers.

The objective of the content loss is to maintain similarity
to the original In image. Because we want this similarity to
be only on a higher conceptually level and not perfectly on a
per pixel-to-pixel basis we use a perceptual content loss [11]
defined as

Lcontent(I
∗
n, In) =

1

HjWjCj
‖φj(I∗n)− φj(In)‖

2
2 , (4)

where j = relu3 3.

Keypoint matching loss. Unfortunately, the objective
functions Lcontent and Lstyle do not explicitly encourage
the local features of I∗n and Id to match better and, as we



show in the experiments section, traditional style transfer
alone cannot guarantee a superior matching performance
in general. We address this issue by additionally using a
keypoint matching loss Lmatch.

Let F be a differentiable and fixed local feature model
that outputs a dense set of descriptors F(I) ∈ RH×W×D

for an input image I . A local descriptor at a pixel location
(i, j) would then correspond to F(I)ij ∈ RD. Using F and
a keypoint detector, we compute an initial set of keypoint
matches between In and Id. We note K the resulting set
of sparse keypoint correspondences c = (i, j, k, l), where
pixels (i, j) in In match pixels (k, l) in Id. These matches
are obtained with a mutual nearest neighbor criterion on the
descriptors and geometrically verified with RANSAC when
fitting a fundamental matrix model. We choose F to be
the D2-Net [5] but other differentiable local feature models
could be considered.

Our goal is to force the transformer network to preserve
the point correspondences from K when generating I∗n. To
do so, we choose the triplet loss function used for the D2-Net
model [5] to minimize the distance between descriptors of
positive correspondences from K while maximizing the dis-
tance for the hardest negative correspondences. In particular,
for a keypoint correspondence c = (i, j, k, l) ∈ K, we define
the positive distance P as

P(i, j, k, l) = ||F(I∗n)ij −F(Id)kl||2 (5)

and the negative distance N as

N (i, j, k, l) = min(||F(I∗n)ij −F(Id)k′l′ ||2,
||F(I∗n)i′j′ −F(Id)kl||2) ,

(6)

where the hard negative points (i′, j′) and (k′, l′) are picked
as follows:

(i′, j′) = argmin
(x,y)

||F(I∗n)xy −F(Id)kl||2 ,

s.t. max(|x− i|, |y − j|) > t

and
(k′, l′) = argmin

(x,y)

||F(I∗n)ij −F(Id)xy||2 ,

s.t. max(|x− k|, |y − l|) > t .

(7)

The parameter t forces the hard negatives (i′, j′) and (k′, l′)
to be at least t pixels away from the positive points (i, j)
and (k, l), respectively. The matching loss Lmatch(I

∗
n, Id)

is then defined as

Lmatch(I
∗
n, Id) =

∑
c∈K

max(0, P(c)2 −N (c)2 +m) (8)

for a chosen margin m.
We define our final loss L for the transformer network T

as a weighted sum:

L = λc Lcontent(I
∗
n, In) + λs Lstyle(I

∗
n, Id)+

λm Lmatch(I
∗
n, Id) ,

(9)

where λc, λs, λm are hyper parameters that weigh the im-
portance of each loss. For optimizing Equation 9, only the
parameters of the transformation network T are updated
while the feature descriptor network F stays fixed. Once the
optimization is done, we use the same local features model
F to compute new features and matches between I∗n and Id
instead of the original pair In and Id.

Keypoint accuracy. Similarly to most conventional CNN
architectures, the D2-Net model uses pooling operations to
reduce the spatial resolution of the input while increasing
the receptive field. One of the advantages of pooling is to
reduce the computation time and memory requirements of
the network, which is important when dealing with high
resolution images. On the other hand, D2-Net keypoints that
are detected in those lower resolution feature maps will be
less precise and detrimental to subsequent applications such
as 3D reconstruction or image matching, as pointed out by
the authors [5].

In this work we propose to compute the keypoint loca-
tions on an image I ∈ RH×W×3 with a full resolution model
such as [20] and use the descriptors from D2-Net [5] ex-
tracted with F , where F(I) ∈ RHc×Wc×D and Hc < H
and Wc < W . We can then retrieve the corresponding de-
scriptors in F(I) by scaling the keypoint position with the
factors Wc/W , Hc/H and using bilinear interpolation. Our
experiments show that this leads to a good trade-off between
robustness and accuracy for the baseline model.

4. Experimental Evaluation

In this experimental section we evaluate the advantage
of using the proposed style transfer method for both image
matching and localization in adverse conditions. However,
before evaluating these experiments, we first also demon-
strate the advantage of the proposed combination of keypoint
detector on full resolution and the interpolation of D2-Net
features to set the baseline. Furthermore, we provide more
details regarding the architecture, the optimization process
and evaluation procedure.

We use 3 different datasets for our experiments. The
first one, referred to as HPatches, is used for the baseline
evaluation of keypoint/descriptor matching accuracy. It con-
sists of a subset of the original HPatches dataset [3] with
540 pairs of images with illumination or viewpoint changes
as described in [5]. The second dataset is a modified ver-
sion of the Day-Night Image Matching dataset [36]. The
DNIM dataset contains 17 sequences of various city scenes
captured by a fixed webcam throughout the day resulting
in capturing illumination changes that can be drastic. In
our modified version (MDNIM), we pick 6 day and 6 night
images that we exhaustively match, yielding 36 pairs per
scene and 612 pairs in total. Since cameras are fixed, we
have trivial ground-truth pixel-to-pixel correspondences to
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Figure 3: Matching precision on HPatches [3] image pairs for different keypoint-descriptor combinations. D2-Net [5]
descriptors are quite robust to illumination and viewpoint changes due to the VGG-16 backbone and extensive fine-tuning on
quality data, but they are penalized by imprecise keypoints. To solve this issue, we replace D2-Net keypoints with R2D2 [20],
SuperPoint [4] or SIFT keypoints [15] to achieve better than (or close to) state-of-the-art performance.

evaluate our approaches. Finally, localization is evaluated on
the visual localization benchmark of the RobotCar Seasons
dataset [17, 23].

Similarly to [36] we use Precision and Recall for the eval-
uation of keypoint matching at varying pixel thresholds. Pre-
cision, also known as the Mean Matching Accuracy (MMA),
is defined as Precision@T = NT

Nm
whereNT is the number

of correct matches found within T pixels and Nm the num-
ber of mutual nearest neighbor matches. Recall is defined
as Recall@T = NT

N , where N is the number of correct
matches obtainable with the detected keypoints. When eval-
uating the localization, we use the pose accuracy [23] which
corresponds to the percentage of queries correctly localized
within a threshold of X meters and Y degrees from the
ground-truth.

4.1. Keypoint Accuracy

As D2-Net model uses pooling operations to reduce the
spatial resolution, we proposed using a bilinear interpola-
tion of the feature map for increased precision. Different
keypoint extractors can be used and we test with R2D2 [20],
SuperPoint [4] and SIFT [15]. We also include a compar-
ison with their proposed descriptors. Note that R2D2 and
SuperPoint extract descriptors at the same resolution as the
input image through upsampling in the network itself or by
using dilated convolutions. However, we show that this is
actually not needed and our simple interpolation achieves
competitive results with D2-Net.

To evaluate the different keypoint/descriptor combina-
tions, we perform an experiment on the image matching task
of [5] with the HPatches dataset. The results are shown in
Figure 3. To illustrate the advantage of using the interpo-
lated D2-Net feature map, we can look at the SIFT/D2-Net
combination: we see that D2-Net (blue line) achieves better
matching precision at higher pixel thresholds, while SIFT
(green line) is better at lower thresholds. Combining SIFT
keypoints with D2-Net descriptors (green dashed) surpasses

both methods individually. We also observe that R2D2 seems
better in the case of illumination changes, while SuperPoint
is better for handling viewpoint changes. This experiment
also suggests that it is not necessary to learn full resolution
feature maps for the descriptors, which means that the de-
scriptor branch in both SuperPoint and R2D2 networks may
be reduced to save computation time and memory. Based
on these experiments, we use R2D2 for keypoints detection
due to their superior performance in case of illumination
and use interpolated D2-Net descriptors for the subsequent
experiments.

4.2. Implementation Details and Model Analysis

The transformer network T is implemented as an autoen-
coder [11]. Instance normalization [33] and ReLU activation
are used throughout the network (see supplementary material
for more details). The transformer is randomly initialized
and trained for 800 gradient descent steps for each consid-
ered day and night image pair. In the first 400 steps, the
transformer is trained to accurately reconstruct the night im-
age, which can be achieved by only minimizing the content
loss. After, the network is trained for the remaining 400
steps with the combination of all losses, where λc = 0.2,
λs = 2e4 and λm = 1. The two stage training procedure
is necessary to first reconstruct the query image which then
get transformed for improved feature matching. We use the
Adam [12] optimizer with default parameters and a constant
learning rate of 1e−3. For 800 × 800 input images, the
optimization takes about 5 minutes on a modern GPU.

Ablation study. We evaluate the impact of optimizing
the different loss functions of the transformer coupled with
R2D2 [20] keypoints and D2-Net [5] descriptors. After the
content image reconstruction phase (λc = 1, λs = 0, λm =
0), the transformer optimizes in addition to the content loss
either the style loss only (λc = 0.2, λs = 2e4, λm = 0), the
matching loss only (λc = 0.2, λs = 0, λm = 1) or both the
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Figure 4: Ablation study on the second optimization phase of
the transformer on the MDNIM dataset. Optimizing only the
content and style loss (i.e. doing plain style transfer) slightly
increases the recall, while optimizing with the matching loss
brings a larger increase in overall performance. Optimizing
all the losses, content, style and matching, is the preferred
method if RANSAC is used to compensate for the lower
precision.

style and matching losses (λc = 0.2, λs = 2e4, λm = 1).
For completeness, we also provide results when no trans-
former network is used (i.e. plain D2-Net). Figure 4 shows
the precision and recall of the different configurations av-
eraged over all the 612 image pairs of the MDNIM dataset.
Compared to plain D2-Net, we see that the transformer net-
work optimized only for the style loss brings no benefits to
the precision but slightly increases the recall by 5 − 10%
after a pixel threshold of 5. On the other hand, optimizing
the matching loss proves to be the most beneficial approach,
since it is responsible for the largest increase in both preci-
sion and recall in comparison to plain D2-Net. An interesting
point is that the transformer optimizing both matching and
style losses achieves slightly lower precision but higher re-
call than the transformer optimizing the matching loss only.
Since matches are generally filtered with RANSAC, we con-
clude that optimizing both the matching and style losses is
the best configuration since it achieves the highest recall
while having high precision.

Optimization analysis. We have used a fixed number
(800) of optimization steps for the appearance transfer. Our
objective here is to analyze if computations can be reduced
and how much effect this would have on the matching perfor-
mances. Figure 5 shows the evolution of the Precision@5
and Recall@5 with respect to the number of optimization
steps on the MDNIM dataset. The results show that the most
important improvement comes from the first 50 to 100 steps.
This suggest that the number of steps, and hence processing
time, could be halved without loss in performance.

4.3. Image Matching

For each pair of day and night images, we compute local
features and match them with a mutual nearest neighbor

criterion. For our approach, we use R2D2/D2-Net as the
keypoint/descriptor combination. The transformer is used
to translate the night images before computing new fea-
tures and matches. We compare our results with SIFT [15],
SuperPoint [4], R2D2 [20] and the original D2-Net [5]. We
also include a comparison with the ToDayGAN [2] model,
where we rely on the same R2D2/D2-Net combination for
matching after the translation of night images. To test its gen-
eralization capabilities, we choose the ToDayGAN model
that was trained on the RobotCar dataset [17].

Figure 6 shows the precision and recall of the different
methods averaged over the 612 image pairs of the MDNIM
dataset. We see that the transformer improved both metrics
by a large margin, surpassing plain D2-Net by 10− 15% in
precision after a threshold of 5 pixels and by 20 − 40% in
recall after a threshold of 4 pixels. R2D2 descriptors have
better precision at lower pixel thresholds (1 to 3) but have
significantly worse recall at every pixel threshold. In prac-
tice, a method that exhibits high precision is not necessarily
better if it is not able to produce a consequent number of
matches in absolute value. In fact, matches are usually veri-
fied with RANSAC by fitting a fundamental matrix model,
therefore it is not required to have a very high precision
since bad matches will be filtered out. On the other hand,
having a high recall implies that more matches will be found
which can make the applications relying on keypoint match-
ing more robust. The visual qualitative results in Figure 7
show how our transformer can lead to a significant larger
amount of inliers in case of severe illumination changes
compared to D2-Net [5] and R2D2 [20]. Note that our trans-
former achieves better results than ToDayGAN, which in
fact severely decreases the performance of plain D2-Net,
see Figure 6. The reason for this is that ToDayGAN was
trained on a completely different dataset and therefore does
not achieve good translations for new scenes. This shows
the versatility of our transformer approach which does not
need any training data and can easily adapt to new scenes.

4.4. Visual Localization

We evaluate the transformer on the visual localization
benchmark of the RobotCar Seasons dataset [17, 23]. We use
the same Structure-from-Motion pipeline as the one provided
for the local features challenge of the Aachen Day-Night
dataset [23]. The pipeline is based on COLMAP [24, 27]
and reconstructs a sparse reference 3D model of the scene
before estimating the query poses with a Perspective-n-Point
algorithm, given our custom local features and matches. We
compute poses for 185 selected query images from the ‘night-
rain’ condition that we manually pair with the 5 spatially
nearest reference images from the day ‘overcast’ condition.
The 3D model for pose estimation is reconstructed by ex-
haustively matching the 5 references associated with each
query. Additionally, we estimate the query poses by match-
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Figure 6: Precision and recall on the MDNIM dataset. The
D2-Net descriptors [5] coupled with our transformer achieve
the best results almost everywhere, being the preferred ap-
proach especially if RANSAC is used to compensate for
lower precision. The original ToDayGAN [2] model trained
on RobotCar [17] has been used in order to evaluate its
generalization performance on new scenes.

ing each query to only 1 of the 5 references, but let the
original reference-reference pairs unchanged to reconstruct
the same 3D scene as before. The chosen reference image
is the spatially furthest one from the query. This additional
experiment can be motivated by applications where only a
few query-reference matches can be performed, which is the
case when there is a lack of reference images or if we want
to decrease the computation time of the pose solver.

Table 1 shows the resulting query pose accuracy for both
settings. We consider the same local feature configurations
as in Section 4.3. Our transformer model is used to trans-
late night images before computing D2-Net descriptors and
matches. When using a single reference per query, the ad-
vantages of using this transformation are significant. The
benefits are however less important when using multiple
reference frames. One reason for this is the increased robust-

ness inherent to using multiple cameras.
The results with ToDayGAN show the importance of

using the matching loss for the translation of night im-
ages. Although it was trained on this particular dataset, and
achieves visually plausible results (see Figure 1), it performs
poorly as a way of improving localization performance. It
even decreases the performance of plain D2-Net.

5. Discussion

It is interesting to understand how the additional opti-
mization of Equation 8 improves on the matching of local
features. In fact, the optimization of the matching loss is
self-supervised and therefore, at first sight, merely tries to
achieve the performance that was already attainable with-
out the transformation. However, the key reason why this
objective can still improve the matching performance lies
in the fact that we compute the translated image I∗n with a
convolutional image transformation network. As a result, the
convolution filters of the transformer T which are optimized
to achieve a low matching loss will be applied to the entire
image and can improve the performance of local features in
parts of the images that were not covered by the initial set of
matches K used for self-supervision.

Relying on this initial set of good matches in order to
improve the overall number of matched keypoints has some
limitations: the query-reference image pair can be so difficult
to match that there are no good matches in the initial set and
the transformer will not bring any increase in performance.
It is worth mentioning though that our experience suggests
that when this happens, it is mostly due to a very large gap
in the geometry i.e. a too large scale gap in the common
region between the two images. This suggests that further
improving matching requires to jointly consider appearance
and spatial transformation of the images.



60 inliers 163 inliers 399 inliers

20 inliers 158 inliers 506 inliers

105 inliers 419 inliers 922 inliers

29 inliers 74 inliers 228 inliers

25 inliers 143 inliers 460 inliers

R2D2 D2-Net Transformer's output D2-Net + Transformer (ours)
Figure 7: Qualitative results on MDNIM. Using the output of our transformer network for matching leads to the highest
number of inliers compared to using the original query image with R2D2 [20] and D2-Net [5].

Method Pose Accuracy
1 reference per query 5 references per query

SIFT [15] 6.4 / 12.4 / 13.6 9.8 / 20.0 / 22.1
SuperPoint [4] 14.5 / 26.4 / 31.9 32.3 / 54.7 / 67.5
R2D2 [20] 8.1 / 16.2 / 16.6 25.4 / 40.0 / 50.9
D2-Net [5] 46.5 / 71.4 / 90.8 50.8 / 81.6 / 100
D2-Net + ToDayGAN [2] 39.5 / 70.2 / 91.8 46.4 / 77.8 / 99.4
D2-Net + Transformer (ours) 50.3 / 76.8 / 98.9 51.9 / 81.6 / 100

Table 1: Pose accuracies for our ‘night-rain’ queries from RobotCar [17, 23]. The localization thresholds for the poses are
(0.25m, 2◦)/(0.5m, 5◦)/(5m, 10◦). We see that the transformer significantly improves the pose accuracies when the number
of references per query is only 1. All methods based on D2-Net [5] use R2D2-keypoints [20] and therefore do not vary in
accuracy due to differences in keypoint precision but soley due to the matching ability of the descriptors.

6. Conclusion and Outlook

In this work, we have presented a novel approach to
translate images exhibiting adverse conditions for improving
the matching performance of local features. Our transformer
approach is self-supervised and can handle any illumination
condition without relying on additional training data, which
is a significant advantage over appearance transfer models
based on Generative Adversarial Networks. We have shown
that our model outperforms the state-of-the-art on a day
and night image matching task, and achieves a meaningful
improvement on visual localization when the number of
reference images per query is small.

Nevertheless, the computation time for each image pair
remains too slow for practical applications. A possible so-
lution would be to use meta-networks in order to perform
real-time neural style transfer [28]. In our case, one would
have to incorporate the keypoint matching information into
the meta network in order to predict transformers that are
also good for matching. On another note, our transformer
currently deals with illumination changes only. Spatial trans-
former networks [10] could further be used to augment our
model for closing the viewpoint gap as well.
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