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Geographic Semantic Network for Cross-View
Image Geo-Localization
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Abstract—The task of cross-view image geo-localization aims knowledge from Global Positioning System (GPS) that relies
to determine the geo-location (Global Positioning System (GPS) on external satellites to provide real-time position information.
coordinates) of a query ground-view image by matching the However, such a typical practice is not stable enough in
image with GPS-tagged aerial (or satellite) images in the refer- . GPS sional be i d. blocked .
ence dataset. Due to the dramatic domain gap between the ground Practice as LS signals may be jammed, blocked, or inac-
and aerial images, the problem is challenging. The existing curate, which hinders these approaches’ performances. As a
approaches mainly adopt convolutional neural networks (CNNs) supplement or alternative to GPS-based approaches, image
to learn discriminative features. However, these CNN-based meth- geo-localization, also termed vision-based localization, refers
ods mainly leverage appearance and semantic information but fail
to jointly model the appearance, positional, and orientation prop- . Ken f based ‘ual k led 1
erties of scene objects, which belong to the spatial hierarchy. Since &' 1Mage was taken from based on visual knowledge only.
spatial hierarchy information is crucial for cross-view feature This research has attracted growing interest in robot navigation
correspondence, in this article, we propose an end-to-end network since it prevents positioning systems from relying heavily on
architecture, dubbed GeoNet. GeoNet consists of a ResNetXGPS and enables reliable localization.
module and a GeoCaps module. On the one hand, the ResNetX 5 typical solution to image geo-localization infers the
module is developed to learn powerful intermediate feature maps 1 . . isual similafity b d
and allows the stable propagation of gradients in deep CNNs. '0¢alion using visual similarity between a ground query
On the other hand, the GeoCaps module utilizes the capsule image and the reference dataset of geo-tagged ground images
network to encapsulate the intermediate feature maps into several [1]-[5]. However, the database images usually do not evenly
capsules, whose length and orientation represent the existenceand comprehensively cover a wide area. Hence, the ground-to-
probability and spatial hierarchy information of scene objects, ground paradigm fails in regions where the reference ground
respectively. Moreover, by using a dynamic routing-by-agreement Jable in the datab 1 d. the ab
mechanism, the GeoCaps module is capable of modeling parts-!Mages are not available in the database. Instead, the abun-
to-whole relationships between scene objects, which is viewpointdance of aerial images taken from devices with bird’s eye
invariant and capable of bridging the cross-view domain gap. view, e.g., satellites and drones, densely covers the entire
In addition to GeoNet, we introduce a simple yet effective metric planet. As a result, matching the ground-level images to
learning method, based on which two weighted soft margin 10Ss ,, 5q4y) images, aka cross-view image geo-localization, has

functions with online batch hard sample mining are devised. b . ) . he ; localizati
These functions not only speed up convergence but also improve °€c0me an attractive alternative to the image geo-localization

the generalization ability of the network. Extensive experiments problem [6]-[16]. In Fig. 1(a) and (b), two kinds of cross-view
on three well-known datasets demonstrate that our GeoNet not image geo-localization tasks are shown.
only achieves state-of-the-art results for the ground-to-aerial  The key to cross-view geo-localization is learning discrim-
and aerial-to-ground geo-localization tasks but also outperforms ;e representations, which is challenging due to drastic
competing approaches for the few-shot geo-localization task. . . . . . .
changes in the viewpoint. First, the cross-view matching task
encounters both intraclass discrepancy and interclass ambi-
guity. Specifically, imagery taken from different viewpoints
varies significantly in appearance and coverage, which results
in intraclass discrepancies. Moreover, more details about
objects, such as roads, trees, and cars, appear in ground-view
images than in aerial images. The objects that are easy to
distinguish in the ground view look similar to each other in
the aerial view, leading to the interclass ambiguity. Second,
cars and pedestrians that are transient and do not usually
appear at the corresponding locations in image pairs intro-
duce cross-view matching interference. Consequently, map-
ping from one viewpoint to the other may be highly nonlinear

to the problem of determining where (i.e., GPS coordinates)

Index Terms— Batch hard-mining, capsule network, cross-view
image matching, image geo-localization.

I. INTRODUCTION

OCALIZATION plays an integral role in robot naviga-
tion. Traditional geo-localization approaches require prior
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and complex, which causes traditional cross-view matching
approaches with hand-crafted features such as speeded up
robust features (SURF) [17] to fail.

To alleviate the problems mentioned above, convolutional
neural network (CNN) [18]-[20] techniques have presented
a cue. Various existing works on cross-view geo-localization
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Cross-view image geo-localization. With a ground-view image as a query, the geo-localization task is to determine its GPS location by matching it

with a reference database of overhead satellite images with (a) GPS coordinates or (b) vice versa. Due to viewpoint difference, the visual contents look very

different in cross-view images.

adopt CNNs to learn representations of cross-view image
pairs [7]-[13], [15], [16], [21]. Nevertheless, CNNs have failed
to consider critical spatial hierarchies between features [22].
Concretely, existing methods only consider superficial seman-
tic information similarity, such as color, but overlook the
spatial hierarchy of objects, which describes the appearance,
position, and orientation properties of scene objects. As a
result, the geometric discrepancy between two cross-view
images is not adequately expressed. Furthermore, the pooling
mechanism (e.g., max-pooling) in CNNs also results in an
unavoidable loss of information [22]. Specifically, pooling
operations are incapable of capturing information about posi-
tional data, which may be a key factor when representing
cross-view images.

In the cross-view image matching problem, aerial and
ground images share some semantics, e.g., roads, trees, and
buildings, and spatial hierarchy is also an essential cue for
image matching. Instead of extracting global representations
with abstract semantic information of images, the capsule
network [22] takes steps toward holistic image understanding
by decomposing an image into vectors via several capsule
units. The output vector of a capsule represents an entity,
which can be interpreted as a target object of an image or
its part of interest. Therefore, encapsulating an image into
a set of vectors brings object-aware representation and is
more discriminative. Moreover, the routing mechanism models
the parts-to-whole relationships between entities, which are
viewpoint invariant and capable of mitigating the cross-view
discrepancy.

Enlightened by the insights above, we propose a novel
end-to-end network architecture for cross-view image geo-
localization, dubbed GeoNet. GeoNet takes cross-view image
pairs as input, extracts features from both ground and aerial
images via convolutional layers and the GeoCaps module to
model the spatial hierarchy, and learns a feature embedding
space where the features of matching image pairs are close to
each other while the features of unmatched image pairs are
far apart.

The contributions of this article can be summarized as
follows.

1) We exploit the spatial hierarchy to bridge the domain
gap between cross-view image pairs and develop a
novel GeoNet that achieves viewpoint invariance for
cross-view matching in an end-to-end manner. The
idea of spatial hierarchy representation can be further
extended to cross-view matching and retrieval.

GeoNet consists of the GeoCaps module and the
ResNetX module. GeoCaps models the spatial feature
hierarchy and builds parts-to-whole relationships that are
independent of a specific view. Additionally, we develop
a ResNetX module to enhance the representation power
of the network and produce stable propagation of acti-
vation and gradients in deep CNNS.

We also introduce two simple yet effective weighted soft
margin loss functions with online batch hard sample
mining for metric learning. They not only speed up
convergence in the training phase but also improve the
generalization ability of the network and therefore boost
the cross-view matching performance.

Extensive experiments on three well-known datasets
demonstrate that our GeoNet achieves state-of-the-
art results for cross-view image geo-localization with
fewer parameters and shorter code length. In addition,
by learning the object-aware representation and the
parts-to-whole relationships, GeoNet outperforms com-
peting approaches for the few-shot geo-localization task.

2)

3)

4)

This article is a comprehensive extension of our earlier work
on GeoCapsNet [23] (only six pages) with four additional
contributions.

1) We further analyze the two core modules (GeoCaps and
ResNetX) in depth and explore their respective mecha-
nisms. There was only a description of the GeoCapsNet
network architecture in our earlier work [23]; the mech-
anisms of why the two core modules are effective and
how they work were not analyzed. The GeoCaps module
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Fig. 2.

Better view in color and zoomed-in view. (a) Raw images taken from aerial and ground views are difficult to match. (b) For the primary vector

of the image, its length corresponds to the existence of an entity, such as a house (red), a road (gray), or a tree (green), while its orientation represents the
object properties, like colors. In this way, the object-aware representations are learned. (c) Primary vectors with strong agreement are adaptively aggregated
to senior ones via the dynamic routing mechanism. For example, several primary vectors that represent the specific houses, respectively, may be routed to
a senior vector that indicates a residential area. The parts-to-whole relationships are modeled via dynamic routing, and the object-aware representation with

parts-to-whole relationships makes cross-view images comparable.

models spatial hierarchy by encapsulating intermediate
feature maps into several capsules, whose length and ori-
entation represent the probability of existence and spatial
hierarchy information of scene objects, respectively. The
ResNetX module learns powerful intermediate feature
maps and allows stable propagation of gradients in
deep CNNs. Meanwhile, we provide a visual description
of our idea in Fig. 2 to better illustrate the module
mechanisms.

2) We explore the issue of aerial-to-ground matching.
Given an aerial image, aerial-to-ground matching helps
to drive a robot or a drone to the most relevant place
with a similar ground scene that it has passed through
according to its movement history. As shown in the
experiments, our GeoNet performs well in both ground-
to-aerial and aerial-to-ground tasks and hence is practi-
cally usable for different real-world scenarios.

3) We devise another batch-wise hard sample mining loss
(i.e., Soft-QuaHard Loss) to improve the performance
of the GeoNet. Relevant experiments suggest that the
proposed metric learning method with online batch
hard-mining can significantly boost the performance of
GeoNet.

4) We show extensive experimental results and analy-
ses of our GeoNet for image-based cross-view
geo-localization.

First, we compare GeoNet with several state-of-the-art
approaches [21], [24]-[27] with respect to recall performance,
model parameters, and code length. We experimentally show
that the GeoNet architecture is competitive with previous
CNN-based models on three well-known benchmarks. For
example, GeoNet achieves 98.7% at R@1% on the CVUSA
dataset [14] with fewer parameters and generates image rep-
resentations with a feature dimension of 2048, which is half

of that of most competing methods. Moreover, we supple-
ment experimental results on a new large-scale cross-view
image dataset (CVACT [21]), where GeoNet achieves 95.8%
at R@1%. Compared to the CVUSA dataset, which was
mainly collected from urban areas, the CVACT dataset densely
covers a city and has a significantly different scene style
from CVUSA. Second, compared to our previous work [23],
we conduct more diverse and comprehensive experiments in
this article. Specifically, we evaluate GeoNet on aerial-to-
ground and few-shot geo-localization tasks to demonstrate
its wide applicability and generalization ability, respectively.
Taking the aerial-to-ground geo-localization task as an exam-
ple, GeoNet achieves 8.8 points higher R@1% than CVM-
Net [16] on the Vo and Hays dataset [12]. Moreover, we ablate
the GeoCaps module, the ResNetX module, and the loss
functions in detail to demonstrate the effectiveness of the
key components of our GeoNet and explore their optimal
structures.

II. RELATED WORK

For the cross-view image geo-localization task, the dom-
inant paradigm is to formulate the localization problem as
image retrieval. Many different network architectures and
specialized loss functions have been proposed to approach
this task. In the following, we first give an overview of the
development of cross-view geo-localization models. We then
review these works on designing specialized retrieval losses
for the cross-view matching task.

A. Cross-View Geo-Localization

In early works, hand-crafted features that have been widely
used in computer vision were mainly adopted to solve
the problem of cross-view image matching [17], [28]-[31].
However, due to the vast geometric differences between an
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Fig. 3.

aerial-view image and a ground-view image of the same
location, matching images with hand-crafted features failed.
Inspired by the great success of deep learning in image classi-
fication and recognition, Workman and Jacobs [10] introduced
CNNs into cross-view image matching and image retrieval,
and good results are achieved. Then, Lin et al. [9] performed
image geo-localization by considering every query image to
have a unique identity analogous to the face recognition
task. In this method, a new dataset is constructed to learn
feature representations in which matching views are clustered
together, and mismatched pairs are apart. This embedding
enables the technique to localize a query image with the
Euclidean distance as a similarity metric. Workman et al. [11]
used multi-scale overhead images of the same location to per-
form cross-view training by embedding feature representations
from both views in a joint semantic feature space. Vo and
Hays [12] introduced a distance-based logistic loss to improve
the performance of Siamese networks and Triplet networks for
cross-view geo-localization. They also show that orientation
supervision can improve localization accuracy. Zhai et al. [14]
developed a new network architecture to predict the semantic
layout of ground-level images from the corresponding over-
head images that can also be used for several other tasks such
as orientation estimation and geo-calibration. Hu et al. [16]
adopted a fully convolutional network to extract local image
features, which are encoded into global image descriptors
using NetVLAD [32]. Liu and Li [21] improved the represen-
tation ability of learned features by injecting orientation infor-
mation into encoding networks. Regmi and Shah [24] utilized
conditional generative adversarial networks (GANSs) to syn-
thesize the corresponding aerial representation from a ground
image, which is capable of bridging the cross-view domain
gap and hence brings performance improvements. Cai et al.
[25] proposed a lightweight attention module capable of high-
lighting salient features to achieve better performance for the
cross-view geo-localization task. Cross-view Feature Transport
(CVFT) [27] transfers ground features to the aerial domain
using an optimal transport algorithm. Although the CVFT is

IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING, VOL. 60, 2022

Our proposed GeoNet architecture is a two-branch Siamese network taking as input a pair of cross-view images. Each network branch consists of
two parts: ResNetX and GeoCaps (PrimaryCaps layers and GeoCaps layers).

similar to our GeoNet in making cross-view images compara-
ble in a shared space, as depicted in Fig. 2, the GeoNet is more
flexible and interpretable because it can encapsulate CNN fea-
tures into object-aware capsules and learn parts-to-whole rela-
tionships via dynamic routing. Spatial-aware Feature Aggre-
gation (SAFA) [26] employs a multi-head attention module to
highlight salient features and warps aerial images using a polar
transform to eliminate geometric differences across views.
Although promising, the polar transform requires ground
images to be panoramas or orientation-aligned with aerial
images. As a result, such a method fails to generalize to the
Vo and Hays dataset [12], where ground images are cropped
and orientation-unknown. Recently, Shi ef al. [33] propose a
novel dynamic similarity matching network to jointly estimate
the orientation and localization of a ground query.

Although a great deal of effort has been devoted to learning
discriminative representations for cross-view geo-localization,
the task remains challenging due to drastic appearance and
geometric differences across views. As a notable difference
from the existing works, GeoNet pays sufficient attention
to the spatial hierarchy and parts-to-whole relationships of
ground and aerial images. As shown in the experiment, this
significantly improves the discriminative and generalization
abilities of the learned features.

B. Image Retrieval Loss

Metric learning via deep networks is also a part of our work.
The most widely used loss functions in image retrieval tasks
are contrastive loss [34] and triplet loss [35]-[39]. The quadru-
plet [40] and angular [41] losses improve the triplet network’s
training by decreasing the intraclass variation during training.
In addition, the hard triplet loss with batch hard sample min-
ing [42] and the margin sample mining loss (MSML) [43] not
only push positive matching pairs close, but also pull negative
matching pairs far apart. Instead of the hinge function, Vo and
Hays [12] proposed a log-loss function, also called soft-margin
loss in [42], to improve matching accuracy. Hu et al. [16]
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TABLE I
RESNETX STRUCTURE

Layer name  Output size Layer
Convl 112 x 112 7 X 7, 64, stride 2
Conv2 56 X 56 3 X 3, 64, stride 2
1x1, 64
Conv3_x 56 x 56 3x3, 64| x3
1x1, 256
1x1, 128
Conv4_x 28 x 28 3x3, 128]| x4
1x1, 256
1x1, 256
Conv5_x 14 x 14 3x3, 256 x6
1x1, 1024
1x1, 512
Conv6_x 7TX7 3x3, 512 | x3
1x1, 2048

proposed an efficient weighted soft-margin triplet loss, which
accelerates the convergence by adding a coefficient to the
soft-margin loss. Inspired by Hermans ef al. [42], our work
further improves the weighted soft-margin triplet loss by
introducing a batch hard sample mining mechanism.

III. PROPOSED GEONET

The overall architecture of the proposed GeoNet is shown
in Fig. 3. It follows the Siamese network [44] structure with
two identical network branches in parallel. The inputs of the
two networks are ground-view images and satellite images.
GeoNet is composed of a ResNetX module and a GeoCaps
module. Inspired by ResNet [45], we design a new CNN
structure, called ResNetX, to generate higher-level semantic
features as input to the subsequent GeoCaps module. Different
from ResNet, our ResNetX does not apply a max-pooling layer
to avoid information loss, and batch normalization is used
at every layer. Following the convention of ResNet50 [45],
the details of the ResNetX part are shown in Table I. It con-
sists of two convolutional layers and four residual blocks
(i.e., Conv3_x—Conv6_x). ResNetX uses batch normalization
at every layer, making it relatively easier to train and more gen-
eralizable. ResNetX protects the integrity of information with
a shortcut structure so that the entire network only needs to
learn the difference between input and output, which can avoid
information loss to some extent. Furthermore, ResNetX also
uses multiple three-layer residual units (as shown in Table I),
including two convolutional layers with a 1% 1 kernel and one
convolutional layer with a 3 x 3 kernel and stride 2, which
reduces the data dimension. Compared with traditional CNNs
such as VGG [20], it has lower complexity and fewer training
parameters, which shortens the training time of ResNetX.
It can also acquire better semantic features than traditional
CNNs. ResNetX outputs 2048 feature maps with a spatial size
of 7 x 7, which serve as input to the GeoCaps module.

The original capsule networks have a simple three-layer
architecture and achieve excellent performance on digit recog-
nition. The capsule networks in [22] are convolutional, except
for the last layer of capsules. In this article, we use two layers
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of capsules, the PrimaryCaps and GeoCaps layers, to construct
the GeoCaps module (see Fig. 3). Overall, the PrimaryCaps
layer stacks multiple conventional convolutional layers into
a new neural unit called a capsule and transmits the output
features to the GeoCaps layers through the dynamic routing
algorithm. Specifically, the PrimaryCaps layer has 32 primary
capsules that take basic features detected by ResNetX and
produce several vectors. The “primary capsules” have a very
similar nature to the convolutional layer [22]. Specifically,
each capsule applies eight 3 x 3 x 2048 convolutional kernels
(with stride 1) to the 7% 7 x 2048 input volume and therefore
produces a 5x 5 x 8 output. Since there are 32 such capsules,
the output volume has a shape of 5% 5 X 8x 32. The GeoCaps
layer takes as input a 5X 5 x 8% 32 volume, i.e., 5 X 5 x 32
8-D vectors, and each input vector is mapped from the 8-D
input space to the 64-D capsule output space through an 8% 64
weight matrix. Finally, the 32 x 64-D vector representation of
an image is obtained.

In the following, we formulate the above process for clar-
ity. Let I, and I; denote a ground image and a satellite
image, respectively. f8(+) and f*(-) indicate the corresponding
ResNetX branch for I, and Iy, and the resulting features are
F, = f4%(l,) and Fy = f*(I), as shown in Fig. 3. Afterward,
F¢ and F; are passed to the PrimaryCaps layer of each branch,
thereby, generating the output vectors uj = f3,,(F;) and
ui = fhps(Fg), wherei [ 1,k ] and k; denotes the number
of capsules in the PrimaryCaps layer. The overall length of
the ith capsule vector, i.e., U; measures the probability of
whether an entity exists, while the orientation of u; represents
the properties of the entity [22] (we omit the superscript s or g
of u; for brevity). In this way, the primary capsules detect not
only specific target objects but also their properties. In other
words, object-aware representations are learned. Then, uj and
uf are fed into the corresponding GeoCaps layer through the
dynamic routing algorithm. The outputs are V' and Vf (also
called senior vectors), where j [ 1,k;] and k;, represents
the number of capsules in the GeoCaps layer. Specifically,
the dynamic routing algorithm routes the primary vectors to
all possible senior vectors using a “routing-by-agreement”
strategy, which can be formulated as follows:

uji = Wijli, s; = cijUjpi
Sj Sj
1+ Sj 2 Sj
Note that we omit the superscript s or g here for brevity.
W,; is a learnable weight matrix, and ¢;; is a coupling
coefficient that is determined by a “routing softmax,’ as
in [22]. During dynamic routing, the primary vectors that
have strong agreement with senior vectors are adaptively
aggregated, while the primary vectors irrelevant to senior
vectors are suppressed correspondingly. Finally, the image
representation can be formulated as v = { vy, v, - - -V, }.

(1)

Vj:

A. Discussion

Here, we discuss how the GeoCaps module encodes spatial
hierarchy information and learns viewpoint invariant repre-
sentations. As shown in Fig. 2(b), the GeoCaps module
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decomposes an image into several primary vectors, which
encapsulate information of different scene entities. For each
vector, its length represents the existence probability of a
specific scene object, while its orientation encodes the spatial
hierarchy information [22], such as color and position. There-
fore, learning to route the primary vectors to the senior vectors
in (1) can be regarded as solving the problem of assigning parts
to the whole [22]. Namely, the dynamic routing algorithm is
capable of modeling parts-to-whole relationships. As depicted
in Fig. 2(c), the parts-to-whole relationships are independent of
a specific view. As a result, even though cross-view raw images
taken in the same location differ sharply from each other, they
look quite similar to each other in the feature space: red houses
on the left, gray road in the middle, and green plants covering
on the right.

B. GeoNet Variants

According to the weight learning strategy for the GeoCaps
module in the two branches, we develop two variants of
GeoNet. Specifically, we denote two capsule branches with
different model weights, i.e., £, () = f,,(-), as GeoNet-I,
and two capsule branches sharing the same model weights,
Le, fops() = faps() Wy = Wi, o = ¢, as
GeoNet-II.

IV. OBJECTIVE FUNCTION

In image retrieval tasks, triplet loss [35], [37], and quadru-
plet loss [40] are popular loss functions to train deep neural
networks. For image geo-localization, the loss function’s goal
is to make the distance between images at the same geo-
location (positive pairs) as small as possible and the distance
between images at different geo-locations (negative pairs) as
large as possible. Take the triplet loss as an example. The
objective is to build triplets <anchor, positive, negative>
consisting of an anchor image (a), a positive image (p, which
is taken at the same place as the anchor image), and a negative
image (n, which is taken at a different place to the anchor
image). (a, p) forms a positive pair and (a, n) forms a negative
pair. However, if the sample pairs are easy to distinguish,
the network cannot learn a good feature representation, leading
to a low generalization ability. To this end, we introduce a
batch-wise hard sample mining method.

A. Batch Construction and Hard Sample Mining

We select M image pairs in each training batch. For each
ground image a in the batch, its matching satellite image p
is used to construct a positive pair. Then, a satellite image n
taken at different geographic locations from a is selected from
the remaining M S 1 satellite images. a and n can be used
to form negative pairs in the batch. The satellite image set
different from the geographic locations of a in the remaining
M S 1 images is denoted as B. This process is applied to
aerial-to-ground images. The triplet loss function is expressed
as

Ltri = da,p é mlg da,n + . (2)

a batch
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As shown in (2), d,,, is the distance between the capsule
feature v¢ of a and the capsule feature v* of p. min d, , finds

the negative sample closest to a, i.e., the hardest gample in the
batch, to calculate the triplet loss. 0 is the margin, and
()+ = max(0, -).

As a variant of the triplet loss function, the soft-margin
triplet loss [16] is more suitable for matching tasks: L,p, =
In(1+ e?), where d = d,, » S d, n. To improve the convergence
rate, the weighted soft-margin ranking loss [16] scales d in
Lgops by a coefficient : Lweightea = In(1+ e 4). Therefore,
our weighted soft-margin triplet loss with batch hard-mining
(Soft-TriHard Loss) can be expressed as

dy, pSmind, ,
n B

In 1+e

a batch

Lsth = (3)

Unlike triplet loss, in which only the relative distance
between positive and negative sample pairs is considered,
quadruplet loss [40] introduces the absolute distance between
positive and negative sample pairs. The simplest quadruplet
loss is defined as: Lyuaq = max(0, dg, IS dap, + 1) +
max(0, dy S dyn, + 2). The quadruplet requires four input
images and has one more negative sample than the triplet.
The four images are a fixed image (anchor) a, a positive
sample image p, the first negative sample n;, and the second
negative sample n,. n; and n, are two satellite images of
different geo-locations. Similarly, our Soft-QuaHard Loss,
which embeds batch hard-mining and weighted soft-margin
into the quadruplet loss, can be expressed as

dg,pS mind,,,,
n B
1

quh = In 1+e¢

a batch

dalpg mindy, »,
+In 1+e " €

“)
where (a, p) is a matching cross-view image pair, B is an
image set with different geo-locations from a, n; is the
negative sample in B closest to a, C is another image set with
different geo-locations from a and n;, and n, is the negative
sample closest to n; in C.

V. EXPERIMENTAL RESULTS AND DISCUSSION
A. Dataset and Metric

1) Dataset: We evaluate our two GeoNets on public cross-
view datasets: CVUSA [14], CVACT [21], and Vo and
Hays [12]. In particular, CVACT [21] consists of geo-tagged
street-view panoramas and satellite images covering a city. The
CVUSA and CVACT datasets consist of spatially aligned and
orientation-aligned street-view panoramic and aerial images,
while the Vo and Hays dataset contains spatially aligned
aerial images and ground images cropped from panoramas.
The CVUSA and CVACT datasets consist of 35532 image
pairs for training and 8884 image pairs for testing. Follow-
ing [21], we name the test sets of the CVUSA and CVACT
datasets CVUSA and CVACT _val, respectively. The Vo and
Hays dataset contains street-view and overhead images from
11 different cities in the U.S. with more than 1 million pairs
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Fig. 4. Cross-view image examples of Vo and Hays [12], CVUSA [14], and
CVACT [21] datasets.

TABLE II

COMPARISONOF VO AND HAYS [12] (VH FOR SHORT), CVUSA [14], AND
CVACT [21] DATASETS IN TERMS OF IMAGE RESOLUTION
(RES. FOR SHORT) AND TRAIN/TEST SPLIT

Ground res. Satellite res. #Training  #Testing

VH 354 x 354 354 x 354 810,729 68,519
CVUSA | 1232 x 224 750 x 750 35,532 8,884
CVACT | 1664 x 832 1200 x 1200 35,532 8,884

of images. Following the same experimental setting in [16],
we randomly select nine cities, eight of which are used to
train our network, and the ninth city, i.e., Denver, is used for
testing. Fig. 4 and Table II show examples and statistics of
the three datasets, respectively.

2) Evaluation Metric: We compute the recall accuracy at
the top K (R@K for short, K { 1%, 5%, 10%, 1%}), which
represents the probability of correct match ranking within the
first K results. Following the suggestion in [11], [12], and [16],
we use R@1% as the main evaluation metric for ease of
comparison with previous works. For a detailed comparison,
we also present the recalls at the top-1, top-5, and top-10. Note
that the recall accuracy at the top 1% indicates the percentage
of cases in which the corresponding satellite image matching a
ground-level query ranks in the top 1% of the retrieval results.

B. Implementation Detail

The proposed model is trained for 50 epochs on the training
set with a batch size of 32 (M = 32). We implement two
GeoNets using TensorFlow [47]. Adam optimizer [48] is used
to train the model. Rectified linear unit (RELU) is the activa-
tion unit. Regularization is implemented in combination with
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TABLE III

COMPARISON WITH STATE-OF-THE-ART CROSS-VIEW
GEO-LOCALIZATION APPROACHES ON THE VO AND HAYS [12]
(VH FOR SHORT), CVUSA [14], AND CVACT_VAL [21]
DATASETS. THE BEST AND THE SECOND-BEST RESULTS ARE
HIGHLIGHTED IN RED AND BLUE, RESPECTIVELY. f:

THE METHOD CONDUCTS DATA AUGMENTATION
DURING TRAINING. *: THE METHOD IS RETRAINED
FROM SCRATCH UNDER THE SAME SETTINGS
AS OURS. -: THE METRIC FOR COMPARISON
IS UNAVAILABLE

Models R@1%
VH CVUSA  CVACT_val
Workman et al. [11] 15.4% 34.3% -
1Vo and Hays [12] | 59.9% 63.7% -

Zhai et al. [14] - 43.2% -
CVM-Net-1 [16] | 67.9% 91.4% 87.6%
CVM-Net-II [16] | 66.6% 87.2% -

tLiu et al. [21] - 93.2% 92.0%

Regmi and Shah [24] - 96.0% -
tSiam-FCANet [25] | 78.3% 98.3% -
*SAFA [26] - 98.3% 96.8%
*CVFT [27] - 94.3% 89.7%
Zheng et al. [46] - 91.8% -

GeoNet-1 (Ours) | 69.6% 97.8% 95.7%

GeoNet-II (Ours) | 76.8% 98.7% 95.8%
TABLE IV
DETAILED COMPARISON BETWEEN SEVERAL WORKS [16], [21], [24],

[46] ON CVUSA DATASET [14] AT R@ 1%, R@5%, R@10%, AND
R@1%. RESULTS OF THESE METHODS ARE QUOTED
FROM THEIR PAPER

R@1 R@5 R@10 R@1%

CVM-Net [16] | 188% 444% 575% 91.5%
tLiu et al. [21] | 272% 547% 67.5%  93.9%
Zheng et al. [46] | 43.9% 66.4% 74.6%  91.8%
Regmi et al. [24] | 48.8% - 81.3%  96.0%
tSiam-FCANet [25] | 51.0% 789% 86.8%  98.3%
*SAFA [26] | 57.0% 80.7% 87.7%  98.3%
GeoNet-II (Ours) | 589% 81.8% 883%  98.7%

L2-regularization and batch normalization. In the experiments,
we use the Soft-TriHard loss function by default. In the
GeoCaps layer, we set the number of capsules to 32 and the
number of dynamic routing iterations to 4. L2 normalization
is applied to the feature of the last layer of GeoNets. On the
CVUSA dataset, one graphics card, NVIDIA Tesla P100,
is used by our GeoNets for 18 training hours. On the Vo and
Hays dataset, we use five NVIDIA Tesla P100 graphics cards
to train our networks for 103 h, as the size of the Vo and Hays
dataset is twenty times greater than that of the CVUSA dataset.

C. Comparison With Other Methods

1) Compared Methods: We compare GeoNet with
the recently  proposed  cross-view  geo-localization
approaches that gain excellent performance on the Vo and
Hays [12], CVUSA [14], and CVACT_val [21] datasets.
Workman et al. [11] first use CNN features in cross-view
geo-localization tasks. Vo and Hays [12] then explore
several deep CNN architectures for cross-view matching,
and we select the best triplet network among them for
comparison. Both CVM-Net-I and CVM-Net-II [16] employ
the NetVLAD layer to encode global image descriptors for
viewpoint invariance with a weighted soft-margin ranking
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Fig. 5. These are examples of successful retrievals from our GeoNet for ground-to-aerial image geo-localization task on two datasets. The image marked by

the green box is the ground truth.

loss. An in-batch reweighting triplet loss and an attention
mechanism are integrated for more effective training in [25].
Liu and Li [21] improved the performance by jointly learning
image and orientation embedding. Zhai et al. [14] presented
a weakly supervised network to predict the semantic layout
of ground-level images as image descriptors. To bridge
the domain gap, Regmi and Shah [24] utilized conditional
GANs to synthesize an aerial representation concerning a
ground image. Siam-FCANet [25] and SAFA [26] employ
an attention mechanism to learn more discriminative
representations. CVFT [27] applies an optimal transform
algorithm to mitigate the domain discrepancy across views.
Zheng et al. [46] proposed a multi-view matching approach
with drone-view images to mitigate the visual discrepancy
against views. Since some of these works conduct data
augmentation during training for better performance, we mark
them in the first column of Table III for a fair comparison.
Moreover, to fairly compare SAFA [26] and CVFT [27] in
terms of model representation capability, we retrain them
under the same settings as our GeoNets, i.e., without applying
the polar transform [26], a kind of image pre-processing
strategy to align cross-view images, and with randomly
initialized network parameters. Note that since the work
of Shi et al. [33] relies heavily on the polar transform,
we cannot fairly compare with it by retraining it without
using the polar transform.

2) Comparison to Existing Ground-to-Aerial Matching
Approaches: The cross-view geo-localization performance

comparisons on the Vo and Hays [12], CVUSA [14] and
CVACT _val [21] datasets are shown in Table III. As seen
in Table III, both GeoNet-I and GeoNet-II gain promising per-
formances on three datasets, ranking the best and second best.
We find that GeoNet-II outperforms GeoNet-I, which suggests
that the weight sharing scheme of the two branch GeoCaps
module forces the network to learn the close and similar inter-
nal relationship between cross-view images. In addition, all
approaches have higher accuracy on the CVUSA dataset than
on the Vo and Hays dataset because the ground images of the
CVUSA dataset are panoramic and contain more information
than the single-view images of the Vo and Hays dataset.

In Table IV, we further compare the GeoNet at three
different metrics on the CVUSA dataset, namely, recall at the
top 1, top 5, and top 10. We can observe that benefiting from
the GeoCaps module and the effective loss function, GeoNet
gains the highest performances of 58.9%, 81.8%, 88.3%, and
98.7%, respectively, on CVUSA.

Fig. 5 shows a few examples of geo-localizing query
ground-view images using our GeoNets on the CVUSA and
Vo and Hays datasets. It is difficult even for humans to match
image pairs in these examples, while GeoNets perform well in
cross-view matching. Additionally, the retrieval performance
is better on the CVUSA dataset than on the Vo and Hays
dataset as the panoramic query ground-view images contain
richer scene information than the single-view images.

3) Comparison to Aerial-to-Ground Matching Approaches:
As state-of-the-art approaches have not discussed and analyzed
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TABLE V

COMPARISON OF TOP 1% RECALL ON OUR GEONETS WITH OTHER
EXISTING AERIAL-TO-GROUND MATCHING APPROACHES

R@1%
Vo and Hays [12] CVUSA [14]
CVM-Net-I [16] 67.9% 93.2%
CVM-Net-II [16] 66.6% 81.9%
GeoNet-I (Ours) 69.8% 95.2%
GeoNet-II (Ours) 76.7% 97.4%

Fig. 6.
CVUSA.

Top-K recall accuracy of aerial-to-ground matching approaches on

TABLE VI

COMPARISON AMONG CVM-NETS [16], SiAM-FCANET [25],
GEONETS IN TERMS OF MODEL S1ZE AND CODE LENGTH

AND

# Parameters  Code length R@1%

CVM-Net-I [16] 160,311,424 4096 91.1%
CVM-Net-II [16] 163,389,504 4096 87.2%
tSiam-FCANet [25] | 109,115,008 1024 98.3%
GeoNet-I (Ours) 82,764,672 2048 97.8%
GeoNet-II (Ours) 64,938,624 2048 98.7%

aerial-to-ground matching, we expand CVM-Nets [16] on the
CVUSA datasest for comparison. Query data are changed from
ground-view images to aerial-view images to further compare
our GeoNets with CVM-Nets to evaluate the network’s per-
formance. Table V shows the top 1% recall of our GeoNets
and other methods. Both GeoNet-I and GeoNet-II outperform
CVM-Nets. Fig. 6 plots the top-K (K [ 1,80]) recall of
our GeoNets and other approaches on the CVUSA dataset.
Our GeoNets achieve much better performance than the other
approaches.

In Fig. 7, we provide visual examples of geo-localizing
query aerial-view images using our proposed GeoNets on the
CVUSA and Vo and Hays datasets. As shown in Figs. 5 and 7,
our approach can find the correct matches within the top three
hits in these examples.

As the principle and process of ground-to-aerial image
matching are the same as those of aerial-to-ground matching,
our subsequent experiments mainly verify our GeoNets on the
ground-to-aerial image matching task.

4) Comparison of Model Size and Code Length: Table VI
provides a model comparison among CVM-Nets,
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Siam-FCANet, and GeoNets in terms of the number of
parameters and the feature encoding length for image
retrieval. The number of parameters in GeoNets is much
smaller than that in CVM-Nets and Siam-FCANet, leading
to a more compact model. Moreover, the code length (i.e.,
feature dimension) of GeoNets is only half that of CVM-Nets.
For image retrieval, a shorter image feature coding length
means less computational complexity and faster retrieval
speed.

5) Comparison of Encoding Semantic: One important rea-
son why the performances of our GeoNets are superior to those
of other existing advanced methods is that we are inspired
by the idea of capsule networks, which enables GeoNets to
capture the spatial relationships between features and semantic
information. This experiment aims to compare the representa-
tion ability of different encoding segments of GeoNets with the
encoding segments of CVM-Nets. Specifically, we intercept
the encoded segments of the image representation of the
four methods as new image representations and then per-
form cross-view image matching. For example, the coordinate
1/128 on the horizontal axis in Fig. 8 indicates that the first
(1/128) of the original encoded segment is intercepted as a
new feature code.

As shown in Fig. 8, GeoNets outperform CVM-Nets when
the proportion is less than (1/32). That is, the coding fragment
is short. For medium-code or long-code length code segments
[i.e., the proportion is more than (1/8)], our networks’ perfor-
mances are still better than those of CVM-Nets. It is clear
from Fig. 8 that GeoNet-I always outperforms CVM-Net-I
under different code segments. Similarly, the performance of
GeoNet-II is higher than that of CVM-Net-II. This suggests
that the image representation of our GeoNets encodes more
semantic information than that of CVM-Nets and indicates
the effectiveness of the GeoCaps module.

6) Few-Shot Cross-View Geo-Localization: In this experi-
ment, we use different numbers of training samples to train
GeoNets and CVM-Nets. Then, we test their performances
on a common test dataset. Specifically, we randomly select
a certain proportion of samples from the original training
dataset (CVUSA dataset) to form a new training set used to
train GeoNets and CVM-Nets. The horizontal axis in Fig. 9
represents the ratio of the number of new training samples
to the original training set. To ensure the fairness of the
experiment, we keep other parameters unchanged.

As shown in Fig. 9, as the number of training sam-
ples increases, the performance of all methods increases.
We can observe that our GeoNets performs much better than
CVM-Nets for a small number of sample sets, especially
GeoNet-II. The accuracy of GeoNet-II is more than 90%,
even though the number of training samples is only 40%
of the original dataset. This indicates that our GeoNets have
superior performance compared to other methods in the case
of a small number of training samples. One reason for this
result, as shown in Table VI, is that the number of parameters
of our GeoNets is smaller than that of other methods. Another
reason is that the use of the GeoCaps module reduces the
dependence on training data, and the relationships among data
can be obtained even from a small number of data [22].
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Fig. 7. These are examples of successful retrievals from our GeoNet for aerial-to-ground image geo-localization task on two datasets. The image marked by

the green box is the ground truth.

Fig. 8. Comparison of the retrieval ability among different encoding segments
of GeoNets and CVM-Nets on the CVUSA dataset.

D. Ablation Study

1) ResNetX: To further verify the effectiveness of the
proposed ResNetX module, we conduct an ablation exper-
iment by replacing ResNetX with ResNet50. We construct
ResNet50-Caps-I without shared weights of the GeoCaps mod-
ule and ResNet50-Caps-1I with shared weights of the GeoCaps
module. The difference between ResNet50 and ResNetX is
that ResNet50 contains max-pooling layers, while ResNetX
does not contain them. As shown in Fig. 10(a), the recalls
of our GeoNets are better than those of the architectures
with ResNet50. This shows that ResNetX is more effective
than ResNet50 for the GeoNets, which suggests that the
max-pooling layer may cause the loss of helpful information.

Fig. 9. Performance of GeoNets and CVM-Nets with different numbers of
training samples.

TABLE VII
R@1% OF OUR GEONETS WITH DIFFERENT LOSSES

Triplet ~ Soft-TriHard  Quadruple  Soft-QuaHard
GeoNet-I | 70.4% 97.7% 75.8% 98.0%
GeoNet-1I | 77.5% 98.7% 82.0% 98.1%

2) GeoCaps: To investigate the contribution of the GeoCaps
module, we replace the PrimaryCaps and GeoCaps layers with
fully connected layers to form the ResNetX-fc-I and ResNetX-
fc-II networks. ResNetX-fc-I uses two independent fully con-
nected layers, while ResNetX-fc-II uses two fully connected
layers with shared weights. As shown in Fig. 10(b), the recalls
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(a) (b)
Fig. 10. Performance of GeoNet on CVUSA with diffet layers. (a) GeoNet with max-pooling layersnamt. (b) GeoNet with the GeoCaps module or not.

TABLE VI
R@1% FERFORMANCES OFGEONETSWITH DIFFERENTVALUES OF AND LEARNING RATE (Ir)

Learning Rate (Ir) a=1 a=5 a=10 a=15
GeoNet-I ~ GeoNet-II | GeoNet-I ~ GeoNet-II | GeoNet-I ~ GeoNet-II | GeoNet-I  GeoNet-II

le-5 56.0% 56.3% 59.7% 58.6% 64.4% 60.7% 65.9% 62.8%
le-4 92.4% 90.0% 92.9% 96.1% 92.5% 96.6% 92.6% 96.2%
le-3 97.2% 98.1% 96.7% 98.5% 92.3% 97.9% 96.5% 98.1%
le-2 97.8% 97.3% 1.2% 97.7% 96.6% 97.6%
le-1 1.2% 96.9% 1.22% 97.1% 92.1% 96.6% 1.7% 95.6%

1 88.7% 97.0% 1.2% 97.8% 1.2% 96.5% 1.8% 96.3%

of our GeoNets are higher than those of ResNetX-fc-I and
ResNetX-fc-1l. The best result of GeoNet-1l is almost 22%
higher than that of ResNetX-fc-1l. These results demonstrate
the advantage of using the GeoCaps module for encoding more
discriminative features.

3) Loss Function:To demonstrate the effectiveness of the
batch hard sample mining procedure, we removed this process
from our Soft-TriHard and Soft-QuaHard loss functions.
Namely, the loss degenerates to the weighted soft-margin
triplet loss and the weighted soft-margin quadruple loss, rep-
resented byfriplet and Quadruplein Table VII, respectively.
As shown, GeoNet-1l outperforms GeoNet-I for these loss
functions, which further reinforces our previous analysis that
the GeoCaps module with shared weights in our netwoFky. 11. Performance of our GeoNets on CVUSA with different batch sizes.
captures the feature relationship better than that without shared
weights. The results on the CVUSA dataset also suggest that positive linear relationship between the parameteand
batch hard-mining can signibcantly boost the performancetbk accuracy. The accuracies oétGeoNets Ructuate slightly
GeoNets. Furthermore, we Pnd that the margin of quadruplgith the variation of parameter, which indicates that the
loss is signibcant betweenehTriplet and the Quadruple, learning rate plays a more crucial role than Moreover,
while less improvement is noted between the Soft-TriHakfle results in Table VIII suggest that the changes oénd
and the Soft-QuaHard. Thereén the Soft-TriHard designedthe learning ratér have little effect on the GeoNet-lI, which
in this article can replace Soft-QuaHard in the case of limitéddicates that the GeoNet-I is more robust to the changes in

computing resources. hyperparameters than the GeoNet-I. At the same time, it can
. ) be concluded that the performance of GeoNet-I is the best
E. Discussion on Hyperparameter when = 1 and the learning ratie = 10°2. The performance

1) Weighted Soft-Margin and Learning Ratéfe compare of GeoNet-ll is the best when = 5 and the learning rate
our GeoNetsO performances for differentvalues of the Ir = 10°2,
Soft-TriHard loss function [see (3)] and the learning rdtes  2) Batch Size:As described in Section IV, we selett
Specibcally, we set and the learning ratér to different image pairs in each training batch and construct the positive
values and train the GeoNets. Table VIII shows the expednd negative pairs. In this g&n, we analyze the performance
mental results of our method on the CVUSA dataset. If thef our GeoNets with different batch sizes. Specibcally, we tune
learning rate is too high or tolmw, the accuracy is reduced.different values of batch sizehile keeping other parameters
The selection of the learning rate is more reasonable in tthe same. As shown in Fig. 11, as the batch size increases,
range of 164 to 10°2. With a bxed learning rate, there isthe top 1% recall accuracy of our GeoNets increases. This is
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TABLE IX and the number of parameters also increase. Table Xl reports
STRUCTURE OFMULTILAYER CONTINUOUS CONVOLUTIONAL that the increase in the number of ResNetX residual blocks
NETWORK(MCCN) does not improve the accuracy of GeoNet-l. One reason is
Layer name Output size Layer that as the number of residual blocks continues to increase,
gonvé 11526X51612 ;X; gi’ gu@g:;g the number of parameters thated to be optimized increases.
onv X X3, , Stride= .
Conv3-Convs 5656 3%3. 64, Stride=1. However, the number of training samples does not change,
Conv6-Conv8 56x56 3x3, 128 , Stride=1 which puts GeoNet-I in an underbptting state. As the number of
‘ (138“89 " igxgg gxg gz ; g:ﬁgef ResNetX residual blocks increases, the accuracy of GeoNet-I|
onv10-Conv X X3, , Stride= . . .
Convi5 lax 14 33, 256, Stride=2 improves slowly. Comparing the data in the second (base) and
Conv16-Conv17 14x14 3%3, 512, Stride=1 pfth (D) rows of Table Xl, we Pnd that although the model
Conv18 71 3x3, 512, Stride=1 size and the number of parameters double, the accuracy of
GeoNet-Il only increases by 0.35%. The results indicate that
TABLE X ResNetX designed in this article is close to the best effect
COMPARISON OF THENETWORK PARAMETERS, MODEL SIZE, AND when the Storage Space is limited. . .
RECALL ON OUR GEONETSWITH MCCNCAPS ONCVUSA 5) PrimaryCaps Layer:The capsules in the PrimaryCaps
T Paaotos Mol See ROIR layer are gssentla]ly similar to the traditional convolutional
GooNetl 82.764.672 947 5M 977% layer. In this expenment., we explorg the effect of the numper
GeoNet-II 64,938,624 743.5M of capsules and the size of the intra-capsular convolution
MCCNCap-1 | 30,190,080 345.5M 46.6% : i ;
MCCNCap-II | 24,914,176 285 1M 390 kernels in the PrimaryCaps lag Specibcally, we select 3,

5, and 7 as the sizes of the intra-capsular convolution kernels
and the power of 2 as the number of capsules. For fairness,
because in our batch hard sample mining method, the largdlr parameters in the experiment remain unchanged except
the batch size is, the larger the sample search range, enabfargthe number of capsules and the size of the intra-capsular
more challenging samples to be obtained. To strike a balargvolution kernels in the PrimaryCaps layer.
between model performance and memory requirements, we sefhe results in Figs. 13 and 14 show that there is no positive
M to 32. or negative linear relationship between the two parameters of
3) Internal Structure of ResNetXin this article, our the PrimaryCaps layer (the number of capsules and size of
ResNetX uses ¥ 1 convolutional layers and skip connecthe intra-capsular convolutiokernel) and the accuracy. That
tions, enhancing the expression ability of the network ang, increasing the size of intra-capsular convolution kernels
solving the problem of vanishing gradients. To verify thand the number of capsules does not lead to an increase or
effect of 1x 1 convolutional layers and skip connectionsjecrease in the accuracy. When the number of capsules is bPxed
we removed them to form an MCCN, as shown in Table IXand the size of the convolution kernel in the capsule increases,
We replaced the ResNetX part of GeoNets with the MCCN the accuracies of GeoNets do rintrease signibcantly. This
form MCCNCap-I and MCCNCap-II. In Table X, we comparéndicates that a larger intra-capsular convolution kernel size
our GeoNets with the MCCNCaps in terms of the networls not better than a smaller intra-capsular convolution kernel
parameters, model size, and recall. It is evident that despiiee. Namely, a larger receptive beld is not necessarily the best
the reduction in the number of parameters and model siftg our GeoNets. Similarly, when the size of the intra-capsular
of MCCNCaps, the accuracy of MCCNCaps is also severatpnvolution kernel is bxed, éhaccuracy achieved by increas-
reduced. This result suggests that thkellconvolutional layers ing the number of capsules does not increase positively. This
and skip connections in ResNetX are notably effective faneans that the highest number of capsules is not necessarily
improving the performance of GeoNets. optimal. On the CVUSA dataset, the most appropriate number
4) Comparison of  ResNetX  Architectures: To of capsules is 32. This is because each capsule detects a target
understand the impact of the ResNetX structurecene object, and 32 may be approximate to the number of
we design four types of ResNetX structures. ResNetwbject classes in the CVUSA. By comparing Figs. 13 and 14,
uses four residual units, as shown in Fig. 12. Fawe can also observe that GeoNet-l RBuctuates more than
simplicity, we name these four units ReUl, ReU2GeoNet-Il with the change of parameters, which implies
ReU3, and ReU4. Then, ResNetX can be expressed that GeoNet-Il is more robust to the parameter variations at
Convit+ Conv2+ 3ReUt 4ReU2 6ReU3+ 3ReU4, which is the PrimaryCaps layer. Meanwhile, we bnd that GeoNet-Il
simpliped as CtC2+3RU1+4RU2+ 6RU3+ 3RU4. In this converges more easily than GeoNet-1 in the training process,
experiment, we are inspired by the combination of residuahich further illustrates that GeoNet-Il with shared weights is
units in ResNet [45] to modify the structure of ResNetXnore robust and performs better than GeoNet-l without shared
in GeoNets. Table Xl shows the experimental results @feights.
GeoNet-l and GeoNet-1l with the new ResNetX structure. 6) GeoCaps Layer:For capsule networks, each output
In this experiment, the number of parameters generateector in the GeoCaps layer represents a scene entity, and its
by combining the two residual blocks is large. Due to therientation represents its attributes. We explore the effect of the
memory limitation, we set the batch size to 16. number of capsules and the coding length on the performance
Table XI shows that, as the number of residual blocks of GeoNet-ll. As shown in Fig. 15, the improvement of
ResNetX increases, the storage space required by the madehll is inapparent with the increasing number of capsules.
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Fig. 12. Four residual units in ResNetX.
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TABLE XI
PERFORMANCE OFGEONETSWITH DIFFERENTRESNETX STRUCTURES ONCVUSA

Unit # Parameters Model Size R@1%
2 RU1 RU2 RU3 RU4| GeoNet-1 GeoNet-II GeoNet-I ~ GeoNet-II | GeoNet-I ~ GeoNet-II
(A) 1 2 2 2 54,696,832 36,870,784 626.1M 422. 1M 96.2% 96.8%
base | 1 4 6 3 82,764,672 64,938,624 947.5M 743.5M 94.9% 96.9%
(B) 1 4 6 3 82,832,128 65,006,080 948.3M 744.3M 96.9%
©) 1 4 23 3 120,783,744 102,957,696 | 1382.4M 1177.6M 95.6%
(D) 1 8 36 3 152,101,760 134,275,712 | 1740.8M 1536.0M 87.8%

Fig. 13. Performance of GeoNet-1 with different parameters of PrimaryCa

layer on CVUSA.

E‘?g. 15. Performance of GeoNet-Il dBVUSA with different code lengths.

higher. Moreover, compared with the 91.4% recall accuracy of
CVM-Net-I with a feature coding length of 4096, the recalls
of our GeoNet-Il are above 96%, even for shorter code lengths
from 32 (2x 16) to 2048 (3% 64).

VI. CONCLUSION AND LIMITATION

In this article, we emphasize the importance of spatial hier-
archy in cross-view geo-localization. Based on this, we design
a novel end-to-end network (GeoNet) to improve feature
representation ability across domains. As one core of the
GeoNet, GeoCaps module models spatial feature hierarchy
and builds parts-to-whole relationships which are independent

Fig. 14. Performance of GeoNet-ll with different parameters of Primaryca@¥ @ SPeciPc view. Another core, ResNetX, is developed to

layer on CVUSA.

enhance the representation power and allows the stable propa-

gation of activation and gradients in deep CNNs. Additionally,

Nevertheless, it is evident that as the coding length of easto weighted soft margin loss functions with online batch
capsule increases, the top 1%call of GeoNet-ll becomes hard sample mining are proposed, signibcantly improving
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the generalization ability othe network and boosting the[16] S. Hu, M. Feng, R. M. H. Nguyen, and G. H. Lee, OCVM-Net:
image retrieval performance. In the experiment, the proposed
GeoNet, which is a compact model, is comprehensively eval-
uated on three publicly available datasets: CVUSA, Vo ang]
Hays, and CVACT. Experimental results demonstrate that our
approach achieves state-of-the-art results for the cross-vi

geo-localization task and outperforms competing approaches

for the few-shot geo-localization task.
The core limitation of our GeoNet comes from its strengttt°!

object-aware representation. Since each capsule encapsul[%?

information of a specibc scene entity, the bxed number of

capsules makes our model potentially limited in generalizing
well to novel scenes with objects that are entirely unseen

training time. Additionally, our GeoNet, which encodes both
object existence probability and properties, may struggle &2]

match images with signibcant appearance differences du
season, weather, and illumination. In the future, we would li

to alleviate these problems by synthesizing diverse training
samples with unseen objects and different conditions via datél
augmentation techniques.
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