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Abstract. Cross-view geo-localization serves as a viable alternative to
providing geographical location information when GPS signals are un-
stable or unavailable by matching ground images with geo-tagged aerial
image databases. While significant progress has been made on some
common benchmarks like CVUSA and CVACT, there remains a lack
of comprehensive consideration for robustness against real-world envi-
ronmental challenges such as adverse weather or sensor noise. This de-
ficiency poses a significant challenge for deploying this technology in
safety-critical domains like autonomous driving and robot navigation. To
the best of our knowledge, there is currently no specialized benchmark
for evaluating the robustness of cross-view geo-localization. To compre-
hensively and fairly evaluate the robustness of cross-view geo-localization
models in real-world scenarios, we introduce 16 common types of data
corruption. By synthesizing these corruptions on public datasets, we
establish two fine-grained corruption robustness benchmarks (CVUSA-
C and CVACT _val-C) and three comprehensive corruption robustness
benchmarks (CVUSA-C-ALL, CVACT _val-C-ALL, and CVACT _ test-
C-ALL), covering approximately 1.5 million corrupted images. Subse-
quently, we conduct large-scale experiments on various cross-view geo-
localization models to evaluate their robustness in corrupted environ-
ments and derive novel insights. Finally, we explore two data augmenta-
tion strategies as potential solutions to enhance model robustness. Com-
bined with the training strategies proposed, these approaches effectively
enhance the robustness of multiple models.
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1 Introduction

Geo-localization is fundamental for autonomous driving [26], robot navigation [24],
3D reconstruction [14], augmented reality |27], and road maintenance |2|, etc.
However, in the realistic scenario, a GPS-degraded or GPS-denied environment
is not uncommon, including urban canyon effects, forest areas, mountainous ter-
rain, and interference or jamming regions. The absence of geo-tags in image
metadata, often resulting from GPS signal obstruction, signal attenuation, or
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Fig. 1: Existing cross-view geo-localization models fail when the ground query image
is corrupted. When the query image is clean, almost all existing methods retrieve the
ground truth correctly (marked by the red box and the red circle). Once the image is
corrupted, almost all existing methods have missed the correct result. Incorrect retrieve
and location results are marked in green and blue.

lack of a camera localization module, leads to only 4.3% of Internet images be-
ing geo-tagged . Cross-view geo-localization can determine the location where
a ground-level image is taken by comparing it with a geo-tagged database of
aerial images (e.g., satellite images), which can serve as an alternative way or
an effective complement to provide geo-location information in the case of GPS-
degraded or GPS-denied. Therefore, cross-view geo-localization has recently gar-
nered considerable attention due to its wide range of practical applications.

Two favorite benchmarks have been introduced to evaluate cross-view geo-
localization performance, e.g., CVUSA and CVACT . Existing methods
are all evaluated on both datasets and state-of-the-art approaches even achieve
near-perfect results . Nevertheless, these benchmarks only present ideal
settings and do not reflect real-world scenarios. Almost all their ground images
were collected on clean days, with little coverage in conditions such as rain, snow,
and sensor noise corruption. Inevitably, due to the significant differences between
the distributions of the training data and the real-world data, the performance
of current data-driven models degrades drastically or even fails when the models
trained on “clean” data are applied to “corrupted” data. Fig. [[]shows examples of
localization failures that can result from the ground-level query under different
weather conditions. This poses a significant challenge to applying this task to
safety-critical applications such as autonomous driving. Thus, prior to deploy-
ment, it has become imperative to create an easy-to-use corruption robustness
benchmark and to comprehensively evaluate the robustness of existing models
with respect to corrupted data. To the best of our knowledge, we first create
cross-view geo-localization robustness benchmarks and provide an exhaustive
assessment of the robustness of existing mainstream cross-view geo-localization
models when faced with corrupted data.

In the cross-view geo-localization task setup, the aerial images are cached by
the system in advance with high-definition and stable characteristics, while the
ground-view images are collected in real-time, which is more flexible and ver-
satile. Therefore, in this paper, we only corrupt the ground images to consider
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(a) Comparison between clean and corrupted images.
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(b) Comparison of different severity levels, taking snow as an example.

Fig. 2: Various types and severities of common corruption in our robustness bench-
marks, after cropping are provided (best viewed when zoomed in on the screen). Visu-
alizations of all corruption types can be found in the supplementary material.

the robustness of the existing models, which is more practical while alleviating
the evaluation cost. We systematically design 16 common types of corruption
that are commonly found in the cross-view geo-localization task and provide a
comprehensive evaluation of the corruption robustness of existing models. These
corruptions include Weather, Blur, Noise, and Digital, covering a wide range
of real-world situations. Furthermore, each type of corruption has 5 severity lev-
els, totaling 80 different types of corruption involved. We have applied these
corruptions on CVUSA and CVACT to create two fine-grained corrup-
tion robustness benchmarks (CVUSA-C and CVACT val-C) and three com-
prehensive corruption robustness benchmarks (CVUSA-C-ALL, CVACT _val-
C-ALL, and CVACT _ test-C-ALL), which cover a total of about 1.5 million
corrupted images. Fig. 2] shows some examples of corrupted images. We expect
these datasets to serve as common benchmarks for comprehensively and fairly
evaluating the corruption robustness of cross-view geo-localization models and
to facilitate future research to advance the cross-view geo-localization task.
The contributions made to this work are summed up as follows:

— To the best of our knowledge, we have benchmarked the robustness of state-
of-the-art cross-view geo-localization models against real-world data corrup-
tion challenges for the first time. We have generated about 1.5 million cor-
rupted images based on the CVUSA and CVACT datasets to establish bench-
marks for assessing the robustness of cross-view geo-localization models.

— Based on the benchmark study, we have several new insights: (1) in most
cases, the clean performance (RQK jean) of a model is positively, but not
absolutely, correlated with its robustness; (2) snow, spatter, and zoom blur
more significantly affect the robustness of various models compared to other
corruptions; (3) models trained on more intricate scenarios (e.g., CVACT)
exhibit better robustness.

— Introducing stylization and histogram equalization as data augmentation
techniques, along with our proposed training strategy, significantly enhances
the robustness of various cross-view geo-localization models.
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2 Related Work

2.1 Cross-view Geo-localization

Cross-view geo-localization has witnessed significant advancements in recent
years. Initially, [40] introduced Convolutional Neural Networks (CNN) to the
cross-view matching task, resulting in notable performance improvements. Sub-
sequently, [17] employed a VGG [36] backbone network with two branches,
combined with the NetVlad [1], and proposed the weighted soft-margin rank-
ing loss, achieving state-of-the-art performance. To further enhance network
performance, |21] emphasized the importance of orientation in cross-view geo-
localization and devised a method to provide orientation information to the
neural network explicitly. [33] adopted spatial-aware feature aggregation mod-
ules to aggregate information-rich and diverse feature maps, while introducing
polar transformation for pre-processing to narrow the geometric gap between
center-aligned satellites and ground-level images. Recently, [42] explored the in-
tegration of Vision Transformer [5] in cross-view geo-localization, proposing a
novel layer-to-layer Transformer with self-cross attention mechanism that high-
lighted the significance of considering global dependencies to reduce visual am-
biguity. [45] introduced an attention-guided pure Transformer approach, which
further improved the resolution of satellite images through additional training,
thus advancing the performance of the task. [43] introduced a novel geometric
layout extraction module that explicitly decouples geometric information from
original features and proposed two types of data augmentation methods. How-
ever, all these methods ignore the performance of the model on corrupted images,
i.e., robustness, which is the focus of this paper.

2.2 Robustness Benchmarks

Robustness benchmarks are essential in the field of computer vision to enhance
the stability and reliability of computer vision systems when facing uncertain-
ties and noise. For instance, IMAGENET-C and IMAGENET-P were proposed
to evaluate robustness in classification tasks |16]. In the context of autonomous
driving, PASCAL-C, COCO-C, and Cityscapes-C were introduced as bench-
marks for evaluating the robustness of object detection tasks [13}/25]. Similarly,
robustness benchmarks for semantic segmentation [23] were established using
PASCAL VOC 2012 [6], Cityscapes [3], and ADE20K |[18,/44]. Furthermore,
KITTI-C, nuScenes-C, and Waymo-C were devised as robustness benchmarks
for 3D object detection [4]. These benchmarks aid in evaluating the robustness of
models under various complex environmental conditions, thus facilitating their
application in the real world. However, to the best of our knowledge, no re-
searcher has proposed relevant robustness benchmarks specifically for cross-view
geo-localization. Therefore, this paper addresses this gap by introducing the
benchmarks CVUSA-C, CVACT _val-C, CVUSA-C-ALL, CVACT _val-C-ALL,
and CVACT _test-C-ALL, thus filling this void in the field.
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2.3 Robustness Enhancement

Several strategies have been proposed to address the impact of corruption in
computer vision. For example, [20] and [8] present methods that utilize patch-
based priors for background and rain layers, along with a deep CNN to effectively
remove rain streaks from images. In a similar vein, [15] introduced a simple yet
powerful technique employing the dark channel before eliminating haze from
single-input images. Moreover, [22| devised the DesnowNet, a multi-stage net-
work specifically designed to remove snow particles from images. However, a
limitation of these methods lies in their reliance on specific designs tailored to
particular types of corruption. This hinders their ability to generalize and handle
other types of corruption effectively. As an alternative, some approaches have
sought to enhance model performance through data augmentation, incorporat-
ing corrupted data during the training process. Although fine-tuning on specific
corruption data has shown promise in boosting performance for those particular
corruption types [12,[39] discovered that fine-tuning on one type of corruption
often struggles to generalize to other corruption types. How to enhance robust-
ness remains an open question. In this work, we employ the stylization [11] and
histogram equalization 28] techniques to the train set, and we observe improve-
ments in robustness.

3 Robustness in Cross-view Geo-localization

3.1 Problem Formulation

Robustness. First, we consider a set of ground-to-aerial image pairs {I¢, I¢}¥ ||
where N represents the number of image pairs. The superscripts g and a denote
ground and aerial views, respectively. For a ground query image indexed as g,
we assume the existence of ground image encoder f, and aerial image encoder
fa, which have been trained on samples from the distribution D. We let P¢(c)
approximate the frequency of real-world corruption. Existing models mostly eval-
uate performance when samples are drawn from the distribution D, denoted as
Peao gy (dlfy (19), £ (1)) < {d(fy(10), fuI))Vi € {1, N}ii # b d(--)
representing the Lo distance. However, in practical deployments, systems often
need to operate on low-quality or corrupted images. Hence, we construct an
evaluation of the corruption robustness of the model, denoted as:

Eenc[Ps 1a)~p (d(fo(c(17)), fa(Tg)) <{d(fo(c(I3)), fa(XD))IVi € {1, ..., N},i # q})]

In this work, in order to approximate the real-world corruption C, we designed
a set of common corruptions (Weather, Blur, Noise, and Digital) in the cross-view
geo-localization task. The types of corruption already provide a good overview
of corruption that street view images may face. From these common corruptions,
we create our cross-view geo-localization robustness evaluation benchmarks.

3.2 Image Corruption

Common corruptions are categorized based on [16], and ground-level image cor-
ruptions are divided into four major categories with a total of 16 subcategories.
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The first major category is weather-related corruptions, which encompasses
snow, frost, fog, brightness, and spatter. The second major category consists of
blur-related corruptions, including defocus, glass, motion, and zoom blur.
Defocus blur occurs when an image is out of focus, while glass blur arises when
images are captured through frosted glass windows of sensors. Motion and zoom
blurring occur in scenes with rapid camera movement or quick approaches to-
ward objects, and they are particularly prone to occur in image collections from
vehicular devices. The third major category involves noise-related corrup-
tions, which cover Gaussian, shot, impulse, and speckle noise. Gaussian noise
emerges under low-light conditions, attributed to the discrete nature of light
and causing electronic noise. Impulse noise results from bit errors, resembling
the color analog of salt-and-pepper noise. Speckle noise, which occurs due to
light interference, leads to the appearance of bright and dark speckles. Lastly,
the fourth category includes digital corruptions, including contrast, pizelation,
and JPEG corruption. Contrast corruption is dependent on lighting conditions
and the colors of the objects during capture. Pixelation occurs during upscaling
low-resolution images, and JPEG corruption arises when images undergo lossy
compression, introducing compression artifacts. To better simulate real-world
corruption, each type of corruption also contains 5 severity levels. We present
visualizations of various types and severities of common corruption in Fig.

3.3 Robustness Enhancement Methods

To enhance the robustness of existing models against corruption, we investigate
two data augmentation approaches: stylization and histogram equalization. By
applying either stylization or histogram equalization to the training data and
employing our proposed training strategy, we effectively bolstered the corruption
robustness of multiple cross-view geo-localization models.

Stylization. Style transfer, introduced by [9], merges the content and style
of two different images to generate a novel image that retains the content of the
original image while adopting the style of the target image, which is also known
as stylization. In the context of image classification and object detection tasks,
style transfer has demonstrated its effectiveness in enhancing robustness [10].

Histogram Equalization. Histogram equalization is a fundamental tech-
nique used for enhancing image contrast. It operates by redistributing pixel in-
tensity values within an image, stretching or compressing the brightness range,
thus achieving a more uniform distribution of pixel intensity values across the
entire brightness range of the image. In this study, we employ Contrast Limited
Adaptive Histogram Equalization (CLAHE) [29] to enhance the robustness of
existing methods.

Training Strategy. In this paper, we apply Stylization / CLAHE to the
cross-view geo-localization training set, testing 3 settings: (1) training using the
standard (raw) training data; (2) replacing all training images with Stylization
/ CLAHE images, thereby eliminating the use of standard images during train-
ing; (3) having Stylization / CLAHE images participate in the training process
alongside the standard images with equal probability at each iteration. Fig. [3]
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Fig. 3: Visualization of Stylization / CLAHE applied to the CVUSA training set.
The illustration depicts standard images (middle row), stylization images (top row),
and CLAHE images (bottom row). The rounded rectangles on both sides represent
different training strategies. The red dashed boxes indicate the style images sourced
from https://www.kaggle.com/c/painter-by-numbers/. Inspired by .

shows examples of applying Stylization / CLAHE, and it illustrates 3 training
strategies with the same training complexity.

4 Corruption Robustness Benchmarks

We create two fine-grained corruption robustness benchmarks (CVUSA-C and
CVACT-C) and three comprehensive corruption robustness benchmarks (CVUSA-
C-ALL, CVACT_val-C-ALL, and CVACT _test-C-ALL) from the classic cross-
view geo-localization datasets CVUSA and CVACT. See Table [I] for more de-
tailed information on these benchmarks.

4.1 Fine-grained Corruption Robustness Benchmarks

We create fine-grained robustness benchmarks comprising 16 corruption types,
each corresponding to 5 severity levels denoted by integers from 1 to 5, where
higher numbers indicate more severe corruption. Consequently, one single orig-
inal ground query image can yield 80 (16 x 5) corrupted images. In the fine-
grained corruption robustness benchmarks, each type of corrupted image forms
an independent evaluation subset with no overlap. The suffix “-C” designates all
fine-grained robustness benchmarks (CVUSA-C and CVACT _val-C).
CVUSA-C. The CVUSA dataset is one of the earliest cross-view geo-
localization datasets, primarily collected from suburban areas in the United
States. It encompasses a total of 35,532 pairs of ground-aerial images for training
and 8,884 pairs for testing. We have employed the CVUSA test set to generate
the fine-grained corruption robustness benchmark, CVUSA-C. To be specific,
CVUSA-C comprises all types and severities of image corruptions, each resid-
ing independently within individual subsets of CVUSA-C. Given that there are
16 distinct corruption types and 5 levels of corruption severity, CVUSA-C ef-
fectively comprises 80 evaluation subsets. Each of these subsets contains 8,884
ground images for testing, resulting in an aggregate of 710,720 corrupted images.
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Table 1: Detailed information on the proposed corruption robustness benchmarks.

Fine-grained Comprehensive

CVUSA-C CVACT _val-C CVUSA-C-ALL CVACT _val-C-ALL CVACT _ test-C-ALL
Number of original validation / test ground images 8,884 8,884 8,884 8,884 92,802
‘Whether or not evaluation subsets are generated for each corruption v [4 x X X
‘Whether all corruptions are included in an independent subset X X v [4 [4
Number of validation / test ground images for our benchmark 8,884 x 16 x 5 8,884 x 16 x 5 8,884 8,884 92,802
Storage space ~ 39 GB ~ 178 GB ~ 0.5 GB ~ 2 GB ~ 21 GB

CVACT _val-C. The CVACT |21] dataset was collected by [21]| and densely
covers an urban area of Australia (Canberra). Similar to the CVUSA dataset,
this dataset comprises 35,532 pairs of ground-aerial images for training and 8,884
image pairs for validation (referred to as CVACT _val). We create a fine-grained
robustness benchmark from CVACT _val, as CVUSA does. The benchmark in-
cludes various types and severities, resulting in a total of 80 validation subsets.
These subsets consist of 710,720 corrupted images and are collectively referred
to as CVACT _val-C.

Evaluation Metrics. The original evaluation metrics for cross-view geo-
localization primarily revolved around RQK (K € {1, 5, 10, 1%}), which rep-
resents the probability of correctly identifying the matching image within the
top K retrieved reference images based on the query image [17}/21}(33}/42}|45].
We denote the performance of models on the original validation or test sets
as RQK jean- For each corruption type ¢ and each severity level s, we employ
RQK, ; to gauge the performance of models under corruption conditions. Fi-
nally, by averaging across all corruption types and severity levels, we compute
the average performance of model RQK,, under corruption conditions. In this
context, C represents the set of corruptions in evaluation. Additionally, we cal-
culate the Relative Corruption Error (RCE) by measuring the percentage of
performance degradation [4]. A higher RCE implies poorer robustness.

5
ROK cor = E1| DD LT (1)
ceC s=1

R@Kclean —RQK,
R@Kclcan

RQAQK lean — RQK cor

c,s | E —
' RC PL@[(clcan

RCE., = (2)

4.2 Comprehensive Corruption Robustness Benchmarks

Furthermore, we introduce comprehensive corruption robustness benchmarks.
Prior efforts |4,[161/25] often generated separate test sets for each corruption type
and its corresponding 5 severity levels. While this approach allows for a finer-
grained evaluation of each corruption type’s impact on the model, it imposes
significant storage and computational costs (80 evaluation subsets). Recogniz-
ing that real-world concerns may prioritize a model’s overall performance against
diverse corruptions, for each corruption type and severity level, we aggregate all
forms of corruption into a single evaluation set, creating comprehensive bench-
marks. The suffix “-C-ALL” designates all comprehensive corruption robustness
benchmarks (CVUSA-C-ALL, CVACT _val-C-ALL, and CVACT _test-C-ALL).
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Fig. 4: The proposed fine-grained and comprehensive robustness benchmarks. Each
corruption category encompasses 5 severity levels. The primary distinction between
fine-grained and comprehensive robustness benchmarks lies in whether separate evalu-
ation subsets are created for each corruption category and severity level.

CVUSA-C-ALL and CVACT _val-C-ALL. For the 8,884-pair test set
of the CVUSA dataset and the 8,884-pair validation set of the CVACT wval
dataset, we designed comprehensive corruption robustness benchmarks. These
benchmarks are denoted as CVUSA-C-ALL and CVACT val-C-ALL, respec-
tively. Each dataset contains 8,884 corrupted images and systematically covers
all corruption types and severity levels.

CVACT _test-C-ALL. The CVACT dataset additionally provides 92,802
pairs of images for testing purposes (referred to as CVACT _test), showcasing
dense coverage of urban areas. Similar to CVUSA-C-ALL and CVACT _val-C-
ALL, we create a comprehensive corruption robustness benchmark from CVACT _ test,
named CVACT _test-C-ALL, containing a total of 92,802 corrupted images, cov-
ering all corruption types and severity levels.

Evaluation Metrics. Since the comprehensive corruption robustness bench-
marks represent independent subsets for testing, the recall accuracy (RQK,y,
K. € {1, 5, 10, 1%}) can be directly employed for evaluation.

The comprehensive corruption robustness benchmarks serve as valuable tools
for evaluating the overall robustness of models under all corruption scenarios,
and they effectively reduce the cost of robustness evaluation.

In summary, fine-grained robustness benchmarks provide a more detailed
performance evaluation, while comprehensive robustness benchmarks provide an
overall performance evaluation and reduce the evaluation cost. An illustrative
diagram of the corruption robustness benchmarks is presented in Fig. [

5 Benchmarking Results

We have selected classical cross-view geo-localization models to benchmark on
the proposed benchmarks. The experimental results on fine-grained corruption
robustness benchmarks are shown in Section [5.1} Section [5.2] presents the ex-
perimental results on comprehensive corruption robustness benchmarks. In Sec-
tion [5.3] we report the experimental results demonstrating the influence of styl-
ization and histogram equalization on the robustness of models. Supplementary
material provides additional experimental results.



10 Q. Zhang et al.

Table 2: Experimental results of 8 cross-view geo-localization methods on the CVUSA-
C benchmark. We report the R@1 performance of each method under different corrup-
tions (obtained by averaging the 5 corruption severities), as well as the average R@1cor
under all corruption types.

CVUSA-C
Method Clean Weather Blur Noise Digital Ra1

Snow Frost  Fog Bright Spatter [ Defocus Glass Motion Zoom | Gaussian  Shot Impulse Speckle | Contrast Pixel JPEG oo

CVM-Net 117]| 22.47 | 0.86 8.42 837 1375 6.11 1.06 4.81 147 0.23 1.82 118 1.28 2.32 4.75 6.89 6.23 4.35
OriCNN 21| | 40.79 | 7.36 6.51 7.57 2169 22.01 2046  26.10 19.60 10.32 17.24 13.95 19.40 14.09 7.94 28.51  27.27 | 16.88
SAFA 33| 89.84 | 19.32 60.42 67.63 81.96 49.86 51.24  80.56 5549 11.44 33.04 28.51  30.37 37.59 31.67 88.05 81.15 | 50.52
CVFT 35| 61.43 | 8.00 30.79 47.46 4754 27.63 24.55 4493 34.89 8.17 21.83 19.19  20.56 26.25 38.28 57.25 47.11 | 31.53
DSM [34] 91.96 | 24.24 64.44 84.08 8244 5758 62.48  84.52  66.02 25.15 49.55 46.40  48.84 60.83 72.11 90.20 85.56 | 62.78
L2LTR 42| 94.05 | 67.19 85.00 92.64 91.61 75.24 | 88.35 93.13 89.33 42.07| 81.32 80.29 82.88 86.54 86.36  93.64 90.56 | 82.88
TransGeo 45] | 94.08 | 29.39  69.50 70.89 85.01  64.26 80.97 9216 8596 40.97 72.95 70.27 7432 83.99 43.01 93.74  90.13 | 71.72
GeoDTR |43] | 95.43 | 44.20 84.95 92.80 93.55 73.14 82.64 93.29 76.80 27.19 68.40 64.45  68.53 78.28 74.80  94.45 90.20 | 75.48

5.1 Fine-grained Corruption Robustness Benchmarking Results

Benchmarking Results on CVUSA-C Table |2 presents the results of 8
cross-view geo-localization methods on the fine-grained corruption robustness
benchmark CVUSA-C. In general, the robustness of the model is positively cor-
related with its accuracy on clean data. These models with higher R@Q1j¢ay, such
as L2LTR [42], TransGeo [45], and GeoDTR [43|, also achieve higher RQ1.,,
which is understandable as different models show consistent performance degra-
dation on corrupted images. It’s worth noting that L2LTR outperforms Trans-
Geo and GeoDTR in R@Q1,,, even though TransGeo and GeoDTR, exhibit higher
R@1jean- This observation differs from the results obtained in [18] and [4]. The
discrepancy might be attributed to its deeper network architecture and more
parameters, which make it more robust to input variations. This finding empha-
sizes the importance of considering the robustness of the model independently,
especially when its performance on clean data is high, as higher clean perfor-
mance does not necessarily indicate stronger robustness. In Fig. [pal we plot the
RCE of models under various corruption types (according to major categories).
Based on our experimental results, we derive the following insights.

Impact of Corruption Types. Based on the results from Table [2] and
Fig. [fal we observed that snow, spatter, and zoom corruptions have a signifi-
cant impact on the performance of various cross-view geo-localization models in
the CVUSA-C benchmark, resulting in RCE values exceeding 28% for all mod-
els. Conversely, the effects of glass blur, JPEG, and pixelation on performance
are relatively minor. These findings demonstrate the threats posed by adverse
weather conditions and fast motion to cross-view geo-localization models. In
contrast, most models exhibited less performance degradation under the influ-
ence of glass blur, JPEG compression, and pixelation, possibly due to similar
corruptions being present in the training dataset, allowing the models to learn
prior knowledge about these types of corruptions.

Performance of Different Models. Among all the evaluated models,
L2LTR [42] exhibited the most outstanding RQ1., performance. Additionally,
we observed a synchronized growth trend between RQ1.e.n and R@Q1.,, for all
methods except L2LTR. Notably, CVM-Net [17] demonstrated the weakest cor-
ruption robustness. All of the methods show an average performance degradation
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Fig.5: The Relative Corruption Error (RCE) of different cross-view geo-localization
models on CVUSA-C and CVACT _ val-C benchmarks. The results are shown for each
major category of corruptions, including Weather, Blur, Noise, and Digital, as well
as the overall performance across all types of corruptions (Overall).

Table 3: Experimental results of 7 cross-view geo-localization methods on the
CVACT _val-C benchmark. We report the R@Q1 performance of each method under
different corruptions (obtained by averaging the 5 corruption severities), as well as the
average R@Q1.,, under all corruption types.

CVACT_val-C
Method Clean Weather Blur Noise Digital
Snow  Frost Fog Bright Spatter | Defocus Glass Motion Zoom | Gaussian Shot Impulse Speckle | Contrast Pixel JPEG
OriCNN [21] | 46.96 | 13.94 6.13 3.78 2945 31.71 39.99  37.58 24.89 34.24 32.27  39.01 3.28 4.56 44.38
S 8 81.03 | 20.03 31.66 33.19 66.99 39.83 7287 49.86  4.62 48.66 43.68  48.82 51.61 15.91 76.90 T
61.05 | 15.00 22.32 42.53 47.60 3130 53.88 3691  4.10 35.68 30.80  36.32 36.84 31.79 58.21 5
DSM |34] 82,49 | 31.95 51.70 70.43 69.48 57.35  80.16 67.38 15.34 58.34 53.05  58.18 63.06 52.79 81.72
L2LTR 42| 84.89 | 71.03 77.93 83.50 81.17 73.78 | 83.98 85.07 84.00 49.79| 82.20 81.19 82.98 82.23 79.15  85.07
TransGeo 45| | 84.95 | 47.65 58.51 3291 72.67 67.13 81.43 84.83 81.80 36.34 81.96 80.86  82.84 83.01 22.18 84.92
GeoDTR 43| | 86.21 | 48.24 71.74 83.26 84.60 61.39 79.11 85.51 73.44 8.26 75.44 73.99  77.06 80.23 55.48  86.01

of 24.24% on the CVUSA-C benchmark, with SAFA [33] degrading by up to
39.32% and L2LTR [42] degrading by a minimum of 11.17%.

Benchmarking Results on CVACT val-C Table 3| presents the results of
7 cross-view geo-localization methods on the fine-grained corruption robustness
benchmark CVACT _val-C. Fig. [5b] shows the RCE of models across various
corruption types. Similar to the experimental results for the CVUSA-C bench-
mark, L2LTR [42] exhibits the best robustness. Meanwhile, snow, spatter, and
zoom corruptions hurt the performance of the various models the most, and
the various models have better robustness to glass blur, JPEG, and pixelation
corruptions. However, it is worth noting that all methods show an average per-
formance degradation of 20.14% on the CVACT _val-C benchmark.

Effects of different training sets. From the average results of all methods
of CVUSA-C and CVACT _val-C benchmarks, the RQ1 jean to R@Q1.,, drop of
CVACT _val-C benchmark is 4.1% less than CVUSA-C. We believe that this may
be due to the fact that the CVACT dataset is collected in urban areas, while the
CVUSA dataset is collected in the suburbs, and thus the CVACT dataset has
richer scene information and so brings more robustness to the model.



12 Q. Zhang et al.

Table 4: Experimental results of cross-view geo-localization methods on CVUSA-C-
ALL, CVACT _val-C-ALL, and CVACT _test-C-ALL benchmarks.

CVUSA-C-ALL CVACT _val-C-ALL CVACT _test-C-ALL
R@l,; R@5.; RQ@10.y RQ@1%.n | RQ@1l.; R@5.1 RQ@10.; RQ@1%.n | R@1l.y R@5,; RQ@10.; R@Q1%.n
CVM-Net |17] | 6.09 16.05 23.14 52.51 - - - - - - - -
OriCNN |21] 9.38 22.26 30.04 58.99 15.31  28.31 35.21 58.39 3.69 8.33 11.04 43.93
SAFA |33 63.68  78.08 82.82 93.91 56.72  73.60 78.59 91.32 31.18  52.06 58.60 90.41
CVFT |35 41.05  64.01 72.64 91.37 45.69  66.45 72.97 88.38 22.82 43.48 51.07 88.99
DSM |34] 75.27  86.26 89.42 95.07 70.04  82.81 85.86 93.51 4713 68.41 73.52 93.18
L2LTR 42| 87.93 95.45 97.01 99.01 | 82.13 93.34 94.93 98.10 | 57.20 82.59 87.23 98.09
TransGeo 45| | 82.72  91.95 94.03 97.92 74.04  86.19 89.10 94.98 52.18  74.35 78.99 95.03
GeoDTR |43] | 84.64  93.29 95.01 98.24 77.40  88.95 91.28 95.91 52.87  78.84 83.17 95.84

Method

5.2 Comprehensive Corruption Robustness Benchmarking Results

The performances of different models on comprehensive corruption robustness
benchmarks (CVUSA-C-ALL, CVACT _val-C-ALL, and CVACT _ test-C-ALL)
are shown in Table (] It is clear from the experimental results that the perfor-
mance degradation is closely and positively correlated with the original perfor-
mance when evaluated using the comprehensive corruption robustness bench-
marks, except for L2LTR [42]. The L2LTR exhibits the highest level of robust-
ness, albeit at the expense of increased computational cost and a greater number
of trainable parameters. The results obtained by all methods for the comprehen-
sive robustness benchmarks follow the same trend as the RQ1,, results for the
fine-grained robustness benchmarks. This demonstrates the benefit of the com-
prehensive robustness benchmarks when considering overall robustness; they al-
low the best robustness model to be selected with only a small evaluation cost
(as in the normal evaluation process).

5.3 Robustness Enhancement Results

Standard Standard Standard
35 Stylization : Stylization Stylization
Stylization & Standard Stylization & Standard Stylization & Standard

0 1 2 3 4 5 0 1 2 3 4 s T 1 2 3 4 H
Corruption Severity Corruption Severity Corruption Severity

(a) SAFA (b) L2LTR (c) TransGeo

Fig. 6: Stylization improves the robustness of SAFA [33]|, L2LTR [42|, and Trans-
Geo |45 on the CVUSA-C benchmark, with each severity level representing the average
across all 16 corruption types. Severity = 0 corresponds to clean images for testing.
The Standard denotes the original, unaltered training data, while Stylization denotes
training exclusively on images subjected to stylization. Stylization & Standard denotes
stylization and origin training data are equally interleaved during the training process.
Notably, the three different training strategies require identical training complexity,
and experimental configurations and model structures remain consistent throughout.



Benchmarking the Robustness of Cross-view Geo-localization Models 13

Standard Standard Standard
35 CLAHE 70 CLAHE 4s CLAHE
CLAHE & Standard CLAHE & Standard CLAHE & Standard

25 65 s
o 1 2 3 4 5 0 1 2 3 4 5 0 1 2 3 4
Corruption Severity Corruption Severity Corruption Severity

(a) SAFA (b) L2LTR (¢) TransGeo

Fig. 7: CLAHE improves the robustness of SAFA [33|, L2LTR [42|, and TransGeo [45|
on the CVUSA-C benchmark, with each severity level representing the average across
all 16 corruption types. Notations are similar to Fig. @

Stylization for Robustness Enhancement We investigated whether the use
of stylization enhances the robustness of various cross-view geo-localization mod-
els. We evaluated the performance of 3 classical cross-view geo-localization mod-
els on the CVUSA-C benchmark using 3 different training strategies, as depicted
in Section [3.3] and Fig. [3] Fig. [6] shows the experimental results.

Training on stylized images indeed resulted in stronger robustness compared
to models trained only on clean images, showing less performance degradation
as the severity of corruption increased. However, the performance on the original
clean images (severity = 0) is noticeably poorer. This can be attributed to the
fact that stylized data alters the distribution of the original data. By equally
combining stylized and clean data during training (Stylization & Standard), a
trade-off between clean and corrupted performance was achieved, leading to both
high performance akin to the standard data on clean instances and significantly
improved performance on corrupted data. Results from Fig. [6]indicate that both
Stylization and Stylization & Standard training enhanced R@1.,, under corrup-
tion, especially when corruption level is greater (e.g., Severity = 4 / 5).

Histogram Equalization for Robustness Enhancement We have further
examined the impact of employing histogram equalization on the robustness of
cross-view geo-localization models. In our study, we employ Contrast Limited
Adaptive Histogram Equalization (CLAHE) [29] to enhance the robustness of
existing methods. Fig. [7] shows the experimental results.

It is evident that training models only on data that has undergone CLAHE
does not greatly improve their robustness. On the other hand, our training strat-
egy 3, which combines CLAHE and clean data in equal proportions, can some-
what increase the robustness of these models, though the improvement is less
than that of stylization-based methods. It’s also noteworthy that different mod-
els respond differently to the same training set of data. This emphasizes the
importance of model robustness and the challenge of attracting researchers to
invest in model robustness.

We must emphasize that how to improve model robustness is still an open
topic, which requires the efforts of more researchers.
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6 Further Discussion

Real-world corruption can be much more extensive and complex. Although we
cannot enumerate all possible real-world corruptions, we have systematically de-
signed 16 corruption types, each with 5 severity levels. These types can provide
a large amount of rich data to support machine learning and computer vision
research. Compared to images that must be captured in the real world, synthetic
imagery can provide highly controllable and diverse data for research by adjust-
ing weather conditions, severity, and scene types as needed. At the same time, it
circumvents the security risks that may be associated with capturing images of
real scenes under adverse weather conditions, as well as the privacy and ethical
issues that may be involved in capturing in specific environments. Therefore,
we strongly believe that our benchmarks can serve as a practical testbed to per-
form controllable robustness evaluation, which in turn will advance research on
cross-view geo-localization robustness.

Our focus is on evaluating how well cross-view geo-localization models with-
stand the corruption of input images. However, the corruption robustness bench-
marks we present can be applied to more research topics. For example, robust-
ness evaluations and enhancements on cross-view image synthesis [30131}37}[38],
cross-view camera pose estimation [19,/32}/41] and autonomous driving [14}26]
can also benefit from our benchmarks.

7 Conclusion

This paper systematically investigates the impact of corruption data on cross-
view geo-localization models, which is a challenge previously overlooked in the
context of cross-view geo-localization studies. In contrast to “clean” data, “cor-
rupted” data is more common and closer to the realistic world, and exhaustive
experiments have shown these models invariably experience significant perfor-
mance degradation in the face of corrupted data. This further validates the neces-
sity and importance of robustness benchmarking for cross-view geo-localization.
To address this crucial issue and track future developments, we propose two
fine-grained corruption robustness benchmarks (CVUSA-C and CVACT _val-
C) and three comprehensive corruption robustness benchmarks (CVUSA-C-
ALL, CVACT _val-C-ALL, and CVACT _test-C-ALL) for the cross-view geo-
localization task. Extensive experiments are conducted to evaluate existing clas-
sical methods on these corruption robustness benchmarks, revealing new insights.
Furthermore, we introduce two simple techniques (stylization and histogram
equalization) and the training strategy to effectively enhance robustness, with-
out requiring any model adjustments or introducing additional training com-
plexity. We hope that the corruption robustness benchmarks, in-depth analysis,
and insightful findings presented in this paper will raise awareness within the
community regarding the robustness of cross-view geo-localization models and
contribute to enhancing their robustness to challenges in complex real-world
environments in the future.
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