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Each Part Matters: LLocal Patterns Facilitate
Cross-view Geo-localization
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Abstract—Cross-view geo-localization is to spot images of the
same geographic target from different platforms, e.g., drone-
view cameras and satellites. It is challenging in the large visual
appearance changes caused by extreme viewpoint variations.
Existing methods usually concentrate on mining the fine-grained
feature of the geographic target in the image center, but un-
derestimate the contextual information in neighbor areas. In
this work, we argue that neighbor areas can be leveraged as
auxiliary information, enriching discriminative clues for geo-
localization. Specifically, we introduce a simple and effective deep
neural network, called Local Pattern Network (LPN), to take
advantage of contextual information in an end-to-end manner.
Without using extra part estimators, LPN adopts a square-ring
feature partition strategy, which provides the attention according
to the distance to the image center. It eases the part matching
and enables the part-wise representation learning. Owing to
the square-ring partition design, the proposed LPN has good
scalability to rotation variations and achieves competitive results
on three prevailing benchmarks, i.e., University-1652, CVUSA
and CVACT. Besides, we also show the proposed LPN can
be easily embedded into other frameworks to further boost
performance.

Index Terms—Geo-localization, Image Retrieval, Agriculture,
Deep Learning.

I. INTRODUCTION

ROSS-VIEW geo-localization is to retrieve the most

relevant images from different platforms, which could be
applied to many fields, such as accurate delivery, autonomous
driving, robot navigation, event detection, and so on [!],
[2], [31, [4]. For instance, given a drone-view image, the
system intends to search images of the same location in the
candidate images of the satellite. The satellite-view images
are automatically annotated with geo-tags. Obtaining the true-
match satellite-view image, we could localize the building in
the drone-view image. Besides, the image-based cross-view
geo-localization can facilitate the positioning devices, e.g.,
GPS, to provide a more robust and accurate result.
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Fig. 1. Difference of the activation maps generated by the baseline method [2]
and our method. The first column shows two input images from different
platforms, i.e., satellite and drone, with the same geo-tag. We observe that the
contextual information, such as the neighbor building in the yellow box, can be
used as an auxiliary clue to facilitate the cross-view image-based geographic
localization. In the second column, we visualize the activation map of the
baseline model [2]. We could observe that the baseline method [2] activates
only the patterns at the center geographic target, while our method activates
more contextual information around the center geographic target (see the third
column). t: The baseline method is a three-branch network with ResNet-
50 [S] as the backbone, and the model is optimized by the instance
loss [6].

In recent years, cross-view geo-localization has obtained a
significant development due to the advance in deep learning.
Most works [1], [4], [7], [8], [9] explore the deep neural
network with the metric learning to learn the discriminative
feature. Specifically, the network is to learn one feature
space that brings matched image pairs closer and pushes
non-matched pairs far apart [10], [11], [12]. The attention
mechanism and orientation information are also widely used
in the network design [1], [13], [4]. However, most existing
methods only consider the global information via pooling
functions, ignoring the contextual information (see Figure 1).

Generally, the aerial-view platform, e.g., drone or satellite,
captures the scene image with a wide angle. When the plat-
form acquires a geographic target, the contextual information
around the target is also captured as a by-product. When
existing works usually ignore such information, we argue
that the contextual information provides a key clue for cross-
view geo-localization. For instance, when there is no apparent
difference between two geographic targets, such as two straight
roads, the human visual system is challenging to identify the
true-match target. However, the task is much easier with the
help of contextual information, e.g., neighbor houses. Mining
and utilizing the contextual information in the image can



improve the accuracy of the cross-view geo-localization.

Our work is inspired by the procedure that the human visual
system interprets and matches the same scene of different
viewpoints [14], [15], [16]. When recognizing a geography
scene of two different platforms, the human visual system
generally adopts a hierarchical processing manner to improve
the accuracy of judgement. Specifically, the human visual
system first pays attention to whether the same geographic
target is contained in different viewpoint scenes. Then, the
human visual system will check the contextual information
around the geographic target to verify the correctness of
the match. When there is no remarkable landmark, people
usually resort to the map to find discriminative neighbor
areas. Imitating the process mentioned above, we design a
Local Pattern Network (LPN), which is an effective way to
explicitly explore the contextual information in an end-to-
end learning manner. Specifically, we divide the high-level
feature into several parts in a square-ring partition, as shown in
Figure 2. Because the geographic target is generally located
in the center of the image with the contextual information
surrounded. Our partition method can obtain not only the
geographic target information (the region of A) but also several
contextual-information parts (the region of B and C) with
different distances from the geographic target. Therefore, we
can explicitly exploit contextual information to optimize LPN.
We also observe that our partition strategy is robust to the
image rotation in nature. For instance, when rotating the
left image in Figure 2 as the right image, the three regions
(A, B, and C) still contain the same semantic information
as corresponding regions of the left image. Therefore, the
network designed according to the square-ring manner has
good scalability to image rotation. To verify the effectiveness
of the proposed method, we conduct experiments on three
public datasets, i.e., University-1652 [2], CVUSA [17] and
CVACT [4]. LPN achieves the Recall@1 accuracy of 75.93%
for the task of drone-view target localization (Drone ¥
Satellite) and Recall@1 accuracy of 86:45% for the task of
drone navigation (Satellite ¥ Drone), which is higher than
the baseline work [2] by 17:44% and 15:27% respectively.
Similar results are also observed on CVUSA and CVACT.
Compared with the baseline model [2], the Recall@1 accuracy
increases from 43:91% to 79:69% (+35:78%) on CVUSA
and 31:20% to 73:85% (+42:65%) on CVACT. Besides, the
proposed method is complementary to most previous works.
The proposed method could be easily fused with the state-of-
art methods, i.e., SAFA [1], and boost the performance from
89:84% Recall@1 accuracy to 92:83% (+2:99%) Recall@1
accuracy on CVUSA and 81:03% Recall@1 accuracy to
83:66% (+2:63%) Recall@1 accuracy on CVACT.

In summary, the main contributions of this paper are as
follows:

We propose a simple and effective model, called Local
Pattern Network (LPN). Different from existing works,
LPN explicitly takes contextual patterns into considera-
tion and leverages the surrounding environment around
the target building. Specifically, the model deploys the
square-ring partition strategy and learns contextual infor-
mation in an end-to-end manner.

We demonstrate the effectiveness of our method on
three prevailing cross-view geo-localization datasets, i.e.,
University-1652 [2], CVUSA [17] and CVACT [4]. Our
method outperforms the strong baseline on both bench-
marks by a large margin. Furthermore, we show that the
proposed method is complementary to existing works,
and can be fused with the state-the-art approaches to
further boost the performance.

Fig. 2. The simplified diagram of our partition strategy, which is invariant
to the rotation. The region of part A represents the geographic target in the
center. According to the distance from the geographic target, the region of
part B can be viewed as the first hierarchical contextual information, and the
region of part C is the second hierarchical contextual information.

We organize the rest of this paper as follows. In Section
II, we briefly introduce some of the relevant works. Section
IIT presents our designed LPN in detail. Experimental results
are presented in Section IV and followed by the conclusion in
Section V.

II. RELATED WORK

In this section, we briefly review related previous works,
including deep cross-view geo-localization and part-based
representation learning.

A. Deep Cross-view Geo-localization

Cross-view geo-localization has been attracting more at-
tention in recent years due to a large number of potential
applications. Some pioneering approaches [ 18], [19], [20], [21]
focus on extracting hand-crafted features. Inspired by the great
success of the deep convolutional neural networks (CNNs) on
ImageNet, researchers resort to the deeply-learned feature in
recent years. Workman et al. [3] are among the first attempts
to utilize a pre-trained CNN to extract features for the cross-
view localization task. They demonstrate that features from the
high-level layer of CNN contain semantic information about
the geographic location. To take one step further, Workman
et al. [22] fine-tune the pre-trained network by reducing the
feature distance between pairs of ground-level images and
aerial images, yielding better performance. Inspired by the
face verification approaches, Lin et al. [23] adopt a modified
Siamese Network [24], which optimizes network parameters
by the contrastive loss [10], [I1]. Zhai et al. [9] plug the
NetVLAD [25] into a Siamese-like architecture, making im-
age descriptors robust against large viewpoint changes. Liu



et al. [4] stress the importance of orientation information anohconsistency of all the column vectors according to their
encode corresponding coordinate information into the netwoskmilarities to each part, the performance of this work becomes
to boost the discrimination of the feature. In a recent worketter. Currently, some state-of-the-art works [44], [45], [46],
Shi et al. [7] use the spatial layout information to makg47] extend the PCB with more partitions or optimization
up the shortcoming of the global aggregation step in featumsses. Our work also studies a part-based representation
extraction. Furthermore, Shkt al.[1] improve the performance learning on the convolutional layer, but is different in two
of cross-view geo-localization through domain alignment arakpects: Different from works of the rst line [37], [36], [48],
spatial attention mechanism. Besides, DSM [8] considers[4?], [50], the proposed method does not need an extra part
limited Field of View setting and adopts a dynamic similaritestimator. Different from works of the second line [40], [43],
matching module to align the orientation of cross-view imagefgl4], [45], our partition method makes the network have good
Another line of works considers the metric learning anscalability to image rotation (see Figure 2).
designs different training objectives to learn the discriminative
representation. Vet al. [26] design an orientation regression
loss, yielding the performance improvement. ldt al. [9]
employ a weighted soft margin ranking loss, which not only In this section, we introduce the Local Pattern Network
speeds up the training convergence but also improves (h&N) (see Figure 3). We rst illustrate the network architec-
retrieval accuracy. Different from adopting metric learning logsire for feature extraction, followed by the partition strategy
(i.e., contrastive loss [10], [11] and triplet loss [12], [27])for feature maps and the optimization objective. Finally, we
Zhenget al. [2] regard the cross-view image retrieval as @rovide a discussion on our intuition and special cases for
classi cation task. They apply the instance loss [28], [6] tdifferent datasets.
optimize the network and has achieved a competitive result.Problem formulation. Given one geo-localization dataset,
However, these methods usually concentrate on exploring thie denote the input image as andy represents the cor-
global information but ignore the contextual information asesponding label. We apply the subscriptto denote the
shown in Figure 1. Different from existing works, the proposeplatform where the dat#; is collected, and 2 f 1;2;3g. In
method intends to take advantage of the neighbor areas. pégticular,x; denotes the sample from the satellite view,
deploy the feature-level partition strategy, which facilitates thidenotes the drone-view data, axgl denotes the ground-view
end-to-end learning on the contextual information. image. The labey 2 [1;C], whereC indicates the number
of categories. For instance, a dataset includes 701 buildings
and each building contains multiple images. We number 701
buildings into 701 different indexes. Each index represents
The local feature has been widely studied in the de- category,i.e, the labely 2 [1;701] For cross-view geo-
sign of hand-crafted algorithms [29], [30], [31], [32], [33].localization, we intend to learn one mapping function, which
Ojalaet al.[34] propose a local binary pattern (LBP) descripeould project images from different platforms to one shared
tor to extract the rotation-invariant feature. Loweé al. [35] semantic space. The images of the same location are close,
develop a Scale Invariant Feature Transform (SIFT) descriptwhile the images from different location are apart from each
for the image-based match. SIFT is invariant to translatiorather.
rotation, and scaling transformations by summarizing descrip-
tion of the local image structures in a local neighborhood
around each interest point. In the spirit of the conventionéi‘ Local Pattern Network
part-based descriptor, some researchers also explore the Id-eature extraction. The proposed modeige., Local Pattern
cal pattern learning in the deep-leaned models. One line Métwork (LPN), contains three branches, which extends from
works divides the features based on an extra estimator, stich Siamese network [24]. From top to bottom in Figure 3, the
as landmark detection, human pose estimated, and huntiaree branches are the satellite-view branch, the drone-view
parsing. Spindle Net [36] leverages the landmark points of theanch and the ground-view branch respectively. LPN can
human body to obtain semantic features from different bodieploy various network architectures as backbones to extract
regions. Xuet al. [37] propose a pose-guide part attentiofieatures, such as VGG [51], and ResNet [5]. For illustration,
module to learn a con dence map. Gua al. [38] acquire we choose ResNet-50 [5] as the network architecture of each
the accurate human part-aligned representation by the hunbaanch if not speci ed. ResNet-50 contains ve blocks named
parsing model to enhance the robustness of the feature. Abnvl, conv2, conv3, conv4, conv5, one average pooling
other line of works does not need an extra pose estimator dager, and one fully connected layer. We remove the nal
deploys a coarse part alignment, such as horizontal matchiagerage pooling layer and the fully connected layer, and obtain
Li et al.[39] capture the three parts information correspondirigtermediate feature maps for subsequent partition processing.
to the head-shoulder, upper body, and lower body by Spatillowing [2], we share weights between the satellite-view
Transformer Network (STN) [40], [41]. Zhaet al.[42] utilize  branch and the drone-view branch, since input images of both
the attention mechanism to learn aligned part information frobtanches are from the aerial viewpoint. Three branches have
the input image automatically. A strong Part-based Convolthe same feature extraction manner. Speci cally, given an input
tional Baseline (PCB) [43] shows a uniform partition strategynage of size256 256, we can acquire feature maps with
to extract high-level features. Then, by correcting within-pathe shape ofi6 16 2048in each branch. We denote this

IIl. PROPOSEDMETHOD

B. Part-based Representation Learning
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Fig. 3. Overview of the proposed LPN framework. Given one input image, we rst extract feature maps. Since we study the cross-view geo-localization,
the input image can be from different platforms. The proposed LPN contains three branehéise satellite-view branch, the drone-view branch and the
ground-view branch, respectively, to deal with different kinds of inputs. The satellite-view branch and the drone-view branch share weights since images from
the satellite view and the drone view have similar patterns. Then, the output feature maps from each branch are sliced according to the square-ring partition
strategy. Next, the average pooling layer is used to transform each part-level feature maps into a column feature descriptor. Finally, all these feature descriptors
are fed into a classi er module to get prediction vectors. In addition to the classi cation layer (Cls), the classi er module also contains other three type layers,
which are the fully-connected layer (FC), the batch normalization layer (BN), and the dropout layer (Dropout). During training, we leverage the classi er
module to predict the geo-tag of each part. The network is optimized by minimizing the sum of the cross-entropy losses over all parts. When testing, we
obtain the part-level image representation before the classi cation layer in the classi er module. Then we concatenate part-level features as the nal visual
descriptor of the input image, and the dimension of the featu048. In (A) (a green dotted line), we show the square-ring partition strategy. Note that

here we display the framework for the University-1652 dataset of input data from three platforms. For two-view dags€@¥USA, we use two CNN

branches.

function asFpackhone , @nd the process of feature extractionve apply the average pooling layer to transform each q‘art

can be formulated as: with different shapes into a 2048-dim part featlgjfe The
£, = Fpackbone (X] ); 1) process can be formulated as:
wheref; stands for the extracted feature map of the input fji = Fuiice (fj;1); (2)
imagex; .
Feature partition strategy. To explicitly take advantage gji - Avgpoo(fji); 3)

of contextual information, we apply the square-ring partition

strategy to divide feature maps. We observe that the geographitereFgjice indicates the square-ring partition, aAdrgpool
target is generally distributed in the center of the imagegpresents the average pooling operation.

and the contextual information is radiantly distributed around. Optimization objective. Now we have obtained part fea-
Based on this assumption of semantic information distributiotures from different sources. Since the features are extracted
the center of the square-ring partition can be approximatdhpm different branches, they may have different distribution,
aligned at the center of the feature maps. As shown in FigurevBich could not be directly used for matching. To solve this
(A) (green box), we separate images into four parts accordilignitation, we set up a mapping function that maps features
to the distance to the image center. In practice, we separatedhall sources into one shared feature space. In this shared
global feature mapf; to four feature partvfsji (12f1,2,3;4g). space, features of the same geo-tag will have a closer distance,
The superscript represents thieth part from the center. Then while features of different geo-tags are apart from each others.
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The cross-entropy loss could be formulated as:
exp(z ())
o1 €Xp(Z (0)

Byix; ) = (5)

X
Loss = log(p(yix;))); (6)

1)
wherezji (y) is the logit score of the ground-truth geo-tag
We apply the softmax function (Equation 5) to obtain the
normalized probability scor@(yjx}) in [0;1]. p(yjx]) is the
predicted probability thak; belongs to the geo-tag. In
Equation 6, we accumulate the losses on the image of different
parts and different platforms to optimize the whole network.

B. Discussion

Our method is inspired by the mechanism of the human
visual system on matching images of different viewpoints.
In the ancient time, people compare the map and the sur-
rounding environment to know where they are. The contextual
information plays an important role. Nowadays, cameras on
different platforms typically use wide-angle lenses to obtain
complete geographic targets, and the contextual information
around the geographic target is also collected in the image.
We argue that the contextual information, as a by-product,
can facilitate the discriminative representation learning. For
example, the neighbor building also could help to predict the
target location. Instead of dividing images in the pixel level,
we split the feature maps in practice, which could not only
improve the efciency but also enable the larger receptive
elds as well as the part alignment. The square-ring partition
Fia. 4. llustration of th ) ition (Case . th il partit strategy is also robust to the rotation variants. Case | (see
(0, usaton ofthesaare g perilon (Cese ), e seckentl Parii@gure 4) shows the application of the square-ing partiion

strategy and the column partition strategy are two special cases of Strategy on three images of different views in University-

the square-ring partition strategy. The sequential partition considers the1652, j.e., satellite view, drone view and ground view. The
geometric correspondence for matching satellite-and-ground panorama im . I . . .
pair [1], [8]. The column partition directly splits the feature maps verticalIy.B(i]FentatIon of these three-view images is not aligned. However,

All three partition strategies exploit the contextual information and achieve té€ can observe that the geographic target (orange point) is

spatial alignment of each part. The square-ring partition strategy is suitagjenerally located in the image center. Because of the random

for processing images that the contextual information is distributed arou ?: . i . . .
the geographic target, such as University-1652. When localizing panorarﬁ lentation of three-view images, the contextual information

image and the orientation of different view images is aligned, the sequentith the same semantics (blue point) may not be distributed
partition has a higher priority, such as CVUSA and CVACT. The columin the same orientation but can be located in the same part.
T o e shatal sharment for pre-processed M3l note that the sequential partion strategy is a special case
information distribution are roughly aligned. of the square-ring partition strategy. The sequential partition
strategy takes into account the geometric correspondence [1],
[8] for a north aligned satellite-and-ground panorama image
pair, such as data on CVUSA [17]/CVACT [4&peci cally,
This classi er module consists of following layers: a fullywe apply the square-ring partition to satellite images and
connected layer (FC), a batch normalization layer (BN), the row partition to ground panoramas. As shown in Case
dropout layer (Dropout), and a classi cation layer (Cls), whichl of Figure 4, image pairs on CVUSA/CVACT have different
is a fully-connected layer. The classi er module is deployedisual appearances. But the same semantic informaéan (
to predict the geo-tag of each image based on part featurds® blue point pair) from the true-matched image pair can still
Given the part featuregi as the input, the classi er module be roughly located in the same part of the divided feature
outputs a column vectaz) . The dimension of] equals the maps. Besides, the column partition is also a variation of
number of geo-tag categori€s. our method. The column partition can be adapted when the
orientation and the spatial semantics of the matching image
pair are roughly aligned. For example, images have been
P i pre-processed by Optimal Transport theory [7] or the polar
7 = Folassitier () (4)  transform [1], [3]. Case Il (see Figure 4) provides an example



that the column partition is applied to a polar-transformed CVUSA [17] provides the data collected from two views,

satellite image and a ground panorama. i.e, the ground view and the satellite view. Speci cally, it
contains 35,532 ground-and-satellite image pairs for training
TABLE | and 8884 image pairs for testing. All ground-view panoramic
STATISTICS OF THREE DIFFERENT TEST SET,3SNCLUDING THE IMAGE images are CO“eCted from Goog|e Street View_ Meanwh"e’

NUMBER OF QUERY SET AND GALLERY SET FOR DIFFERENT

CEO-LOCALIZATION TASKS. corresponding satellite-view images are downloaded from Mi-

crosoft Bing Maps.
_Task _ CVACT [4] is a large-scale cross-view dataset. Same as
Dataset Drone! %atﬁ”'te Satellite! GDIrIO“e CVUSA, CVACT provides 35,532 ground-and-satellite image
Universiy-1652 7] %ug?é gselry Q7u0elry 5?, 365%' pair_s for training, and_ ground—v_iew_ images are panoramas.
GroundT Satelite | SatelliteT Ground Be.S|des, CVACT provides a valldgtlon set.wnh 8884_|mage
Query  Gallery | Query  Gallery pairs named CVACTval and a testing set with 92,802 image
CVUSA [17] 8884 8884 | 8884 8884 pairs denoted as CVACTest. A query image only has one
CVACT val [4] 8884 8884 | 8884 8884 true-matched image in the gallery for CVACQYal, while for
CVACT _test, a query image may correspond to several true-
matched images in the gallery.
Oxford5k [52] & Paris6k [53] are two prevailing landmark
IV. EXPERIMENT retrieval datasets collected from Flickr. Oxford5k consists of
We rst introduce three large-scale cross-view ged062images that belong to 11 different Oxford landmarks, and
localization datasets, two small-scale landmark retrievBRrisék contains 6412 images of 12 particular Paris buildings.
datasets and the evaluation protocol. Then Section IV-B dEhere are 55 query images in Oxford5k and 12 queries in
scribes the implementation detail. We provide the comparis&iarisék.
with the state of the arts in Section IV-C, followed by the Evaluation protocol. In our experiments, we use the Re-
ablation study in Section IV-D. call@K (R@K) and the average precisioAR) to evaluate the
performance of our model. R@K represents the proportion of
correctly matched images in the top-K of the ranking list. A
higher recall score shows a better performance of the network.
We mainly train and evaluate our method on thred/e also calculate the area under the Precision-Recall curve,
large-scale geo-localization datasets, University-1652 [2], which is known as the average precision (AP), which re ects
CVUSA [17] and CVACT [4]. Table | shows the image numbethe precision and recall rate of the retrieval performance.
of query and gallery sets for testing different tasks using these

three datasets. B. Implementation Details

University-1652 [2] is a multi-view multi-source dataset We employ the ResNet-50 [5] with pre-trained weights on
containing satellite-view data, drone-view data and grounp—

view data. It collects 1652 buildings of 72 universities arouncﬁnage’\let [54] to extract visual features. Following [], we

the world. The training set includes 701 buildings of 33 univefp (s)td I(];)é)vtv?\?sztrrr:d?e olgtr;(: i?]e(;%r::\j/;%?vgg“ggzl,\llzzgg e}?(()jn;che
sities, and the testing set includes the other 951 buildings of € 1. The ngwly—a){jded Iayer_s in LPNe. the classier
rest 39 uni\(ersitiesThere are no Overlapping. u_niversities modulé are initialized withkaiming initializ.f,;ltion[ 1. We
in the training and test set. Since some buildings do notr size éach input image to a xed size of 256256 pixels
have enough ground-view images to cover different aspecis . - . "

. . tiory]ring training and testing. In training, we employ random
of these buildings, the dataset also provides an add|t|0ncer1 oping and ipping to augment the input data, For the
training set. Images in the additional training set are CO”eCt%gﬁimizer we adopt stochastic gradient descent (éGD) with

from the Google Image, and they have a similar view as trr]nomentum 0.9 and weight decay 0.0005 with a mini-batch

ground-view images. Therefore, the additional training set Call o The initial learning rate is 0.001 for backbone layers
be used as a supplement of the ground-view images. The, '

: . . and 0.01 for the new layers. We train our model for 120
dataset is employed to study two new tasis, drone-view epochs, and the learning rate is decayed by 0.1 after 80 epochs
target localization (Droné Satellite) and drone navigation P ' 9 Y Yo P '

(Satellite! Drone). There are 701 buildings with 50,21 urng _tespng, we utilize the Euphdean dlstance.to measure
. . ) - e similarity between the query image and candidate images
images for training. In the drone-view target localization tas

(Drone! Satellite), there are 37,855 drone-view images in the gallery. Our model is implemented on Pytorch [56], and

the query set and 701 true-matched satellite-view images all experiments are conducted on one NVIDIA RTX 2080Ti
250 satellite-view distractors in the gallery. There is only

one true-matched satellite-view image under this setting. In _ )

the drone navigation task (Satellite Drone), there are 701 C. Comparison with the State-of-the-arts

satellite-view query images, and 37,855 true-matched droneResults on University-1652.As shown in Table I, we
view images and 13,500 drone-view distractors in the gallegompare the proposed method with other competitive ap-
There are multiple true-matched drone-view images under tpiaches on University-1652. The proposed LPN has achieved
setting. 74:18% Recall@1 accuracy an@7:39% AP on Drone!

A. Datasets and Evaluation Protocol



Satellite and85:16% Recall@1 accuracy and3.:68% AP on R@10 and98:50% R@Topl% on CVUSA. Since the feature
Satellite! Drone without using the additional Google trainingexpression capability of ResNet-50 is powerful than VGG16,
data. The performance has surpassed the reported resulowf method with ResNet-50 backbone obta%s79% R@1,
other competitive methods such as [23], [22], [57], [58], [995:38% R@5, 96:98% R@10 and99:41% R@Topl% on

[4], and the proposed method outperforms the best meth@WUSA. Second, the proposed method is complementary
i.e, instance loss [2] by a large marging., about 14% to existing methods. For instance, our method can combine
AP improvement. If the extra training datae., noisy data with the CVFT [7] and the SAFA [1] orthogonally. We
collected from Google Image, is added into the training set [4k-implement CVFT and SAFA. Specically, we keep the
we could further boost the retrieval performance. In the dron€GG16 as the backbone on both models unchanged and divide
view target localization task (Drore Satellite), the accuracy feature maps basing on Case Ill. For CVFT, we divide the
of Recall@1 increases from4:18%to 75:93% and the value nal aligned feature maps into 8 parts and compute the loss
of AP goes up fron77:39%to 79:14%; in the drone navigation of each corresponding part. For SAFA, the polar transform
task (Satelliteé Drone), the accuracy of Recall@1 increaseis retained. We rst divide the feature maps into 8 parts,
from 85:16% to 86:45% and the value of AP raises fromand then we use one SPE in SAFA to deal with each part
73:68%to 74:79% For the drone-view target localization taskseparately before computing the loss. Combined with our
there are 951 satellite-view images in the gallery. To malkmartition strategy, CVFT+Ours boosts the R@1 accuracy from
this retrieval task more challenging, we add 8884 satellité1:43% to 68.20% (+6:77%) and the R@Topl% accuracy
view images collected from the testing set of CVUSA intérom 99:02% to 99:30% (+0:28%). Similarly, SAFA+Ours
the gallery of University-1652 as the distractors. Although thean further improve the R@1 accuracy fro89:84% to
distractors would decrease the overall performance, indica@283% (+2:99%) and the R@Top1% accuracy fro89:64%

by Rank@1 and AP accuracy, the results are still competitive. 99:78% (+0:14%).

This demonstrates the robustness of our proposed metho&igni cant performance improvements suggest that our

against distractors. method helps to mine more contextual information, yielding
discriminative features.
TABLE Il Results on CVACT. CVACT has a similar data pattern

COMPARISON WITH THE STATEOF-THE-ART RESULTS REPORTED ON with CVUSA. Our method with ResNet-50 [5] backbone
UNIVERSITY-1652.M STANDS FOR THE MARGIN OF THE TRIPLET LOSS ; 000, 0 )

(W/O GOOGLE) INDICATES THAT THE EXTRA TRAINING SET COLLECTED achieves79:99% R@1, 90:63% R@s, 92'.56 % R@:!'O and
FROM GOOGLE | MAGE IS NOT DEPLOYED IN TRAINING PHASE (W/ 97:03% R@Top1% on CVACT. For a fair comparison, our
CVUSA DISTRACTORS DENOTES THAT ALL SATELLITE-VIEW IMAGES method using VGG16 as the backbone also acquires compet-

COLLECTED FROM THE TESTING SET OFCVUSA ARE ADDED INTO THE itive results. CVFT [7]+Ours obtains the improvement with
SATELLITE-VIEW GALLERY OF UNIVERSITY-1652AS THE DISTRACTORS

the R@1 accuracy fron61:05% to 62:90% (+1:85%) and

University-1652 the R@Topl% accuracy fro@5:93% to 97:22% (+1:29%).
Method gronle! %;e"'tegatell“te! Alljjrone SAFA [1]+Ours increases the R@1 accuracy fréi03% to

@ @ 83:66% (+2:63%) and the R@Topl% accuracy fro88:17%
Instance Loss [2] 58.49 63.31 [7/1.18 58.74 98.41% (+0:24%). Th ; | Its d
Contrastive Loss [23] 5239 5744 63.91 5224 to 9841% (+0: : 0. The expenmenta results demonstrate
Triplet Loss M =0:3) [57] [55.18 59.97 [63.62 53.85 that our method is still effective on CVACT.

Triplet Loss M =0:5) [57] |53.58 58.60 |64.48 53.15
Soft Margin Triplet Loss [9]/53.21  58.03 |65.62 54.47 ) )
Ours (w/o Google) 7418 77.39 [85.16 73.68 D. Ablation Studies

83:: (w/ CVUSA distractor;}g:g? ;gég 8e.45  74.79 To verify the effectiveness of components in our model, we
design several ablation studies.
Effect of the number of parts. The number of part

Results on CVUSA.The comparison with other compet-is one of the key parameters in our network. By default, we
itive methods on CVUSA is detailed in Table Ill. Grounddeployn =4. Whenn = 1, the model is employed to global
view images on CVUSA are panoramas, in which, the coaverage pooling. At this time, the model equals the baseline
textual information is generally distributed on both sides afith global attention [2]. As shown in Figure 5, with the
the geographic target. Basing on the discussion in IlI-B, wacrement ofn, both the Recall@1 and AP values have a
deploy the sequential partition strategy to explicitly mingigni cant improvement, since more contextual information
the contextual information on CVUSA (see Figure 4). Thhas been taken into consideration. Intuitively, concatenating
sequential partition strategy is a specic case of the squamore contextual information parts can improve the discrim-
ring partition strategy. As shown in Table Ill, we could observimability of the nal feature descriptor. However, we note that,
two points. First, we deploy category recognition as the preteag n increases, each part contains less receptive elds with
task to conduct geo-localization on CVUSA. In particulatjimited semantic information. As a result, a higher valuenof
we regard 35,532 pairs as 35,532 location categories to trammpromises the discriminability of the image representation.
the model. The proposed method, whether using VGG16 [SMhenn = 6 or 8, the performance gains slowly or even slightly
or ResNet-50 [5] as the backbone, surpasses most existitegrades. Therefore, we use= 4 as the default choice for
methods. Speci cally, when using VGG16 as the backboneur network, which balances the mining of the contextual
our method achieve39:69% R@1, 91:70% R@5, 94:55% information and the appropriate size of the receptive eld.




TABLE Il
RESULTS ONCVUSA, LIST SHOWS COMPARISONS OF VARIOUS METHODSTHERE ARE TWO SCHEMES TO OPTIMIZE THE NETWORK.€., INSTANCE LOSS
AND DEEP METRIC LEARNING. ZHENG et al.[2] GET THE BEST RESULT IN THE SCHEME OF INSTANCE LOSSVHILE, IN THE DEEP METRIC LEARNING
SCHEME, SAFA [1] IS A STATE-OF-THE-ART WORK. WE OBSERVE THAT THROUGH COMBINING OUR METHOD TO THESE TWO METHOQSHE
OFFTHE-SHELF NETWORK CAN ACHIEVE A SIGNIFICANT PERFORMANCE BOOST : THE METHOD UTILIZES EXTRA ORIENTATION INFORMATION AS

INPUT.
L CVUSA CVACT _val
Method Publication | Backbone R@I R@5 R@I0 R@Topl% R@I R@5 R@I0 R@Topi%
MCVPlaces [22] ICCV'15 AlexNet - - - 34.40 - - - -
Zhai [17] CVPR'17 VGG16 - - - 43.20 - - - -
Vo [26] ECCV'16 AlexNet - - - 63.70 - - - -
CVM-Net [9] CVPR'18 VGG16 18.80 44.42 57.47 9154 | 20.15 45.00 56.87 87.57
Orientatiod [4] CVPR'19 VGG16 27.15 54.66 67.54 93.91 | 46.96 68.28 75.48 92.04
Zheng [2] MM'20 VGG16 4391 66.38 74.58 91.78 | 31.20 53.64 63.00 85.27
Regmi [59] ICCV'19 X-Fork 48.75 - 81.27 95.98 - - - -
Siam-FCANet [60] | ICCV'19 ResNet-34 - - - 98.30 - - - -
CVFT [7] AAAI'20 VGG16 61.43 84.69 90.94 99.02 | 61.05 81.33 86.52 95.93
SAFA [1] NIPS'19 VGG16 89.84 96.93 98.14 99.64 | 81.03 9280 94.84 98.17
Ours - VGG16 79.69 91.70 9455 98.50 | 73.85 87.54 90.66 95.87
Ours - ResNet-50| 85.79 95.38 96.98 9941 | 79.99 90.63 92.56 97.03
CVFT [7] + Ours - VGG16 68.20 88.00 92.69 99.30 | 62.90 84.14 89.11 97.22
SAFA [1] + Ours - VGG16 92.83 98.00 98.85 99.78 | 83.66 94.14  95.92 98.41
TABLE V
ABLATION STUDY ON ROTATING IMAGES DURING INFERENCE ON
UNIVERSITY-1652.
Rotation Angle Drone! Satellite | Satellite! Drone
Query Gallery | R@1 AP R@1 AP
0 0 75.93 79.14 86.45 74.79
16 0 75.64 78.86 85.16 72.78
45 0 72.04 75.62 85.16 72.27
67 0 70.39 74.09 85.73 73.06
90 0 68.80 72.67 86.31 75.31
180 0 70.76 74.47 85.45 74.03
204 0 69.92 73.68 84.45 72.22
270 0 69.06 72.49 86.73 75.12
317 0 72.29 75.87 84.17 71.85
32 75 73.19 76.69 83.17 66.41
216 87 69.54 73.27 83.45 65.29

Fig. 5. The effect of the number of pamson two tasks of the University-

1652 dataseti.e, Drone! Satellite and Satellit¢ Drone. The red line

Effect of the input image size.A small training size
compresses the ne-grained information of the input image,

refers to the task of drone-view target localization (DréneSatellite). The Which compromises the discriminative representation learning.
blue line shows the task of drone navigation (SatelliteDrone). We show |p contrast, a Iarger input size introduces more memory costs

the effect of the number of parts for R@1 accuracy (a), and AP accura
(b). We observe that LPN achieves the best performance when the numbe!

partsn =4.

TABLE IV

ABLATION STUDY ON THE EFFECT OF DIFFERENT INPUT SIZES ON
UNIVERSITY-1652.

. Drone! Satellite Satellite! Drone
Image Size | pa1 AP R@1 AP
224 69.28 72.98 82.45 68.92
256 75.93 79.14 86.45 74.79
320 77.65 80.56 85.31 75.36
384 78.02 80.99 86.16 76.56
512 77.71 80.80 90.30 78.78

>Q]ring training. To balance the input image size with the
memory usage, we study the effect of the input image size.
We just change the image size and the covered region of the
image is not changed in the experiment. As shown in Table
IV, in both tasks,i.e, (Drone! Satellite) and (Satellité
Drone), as the input image size from 224 to 384, we observe
that the performance gradually improves. When we continue
to enlarge the input size to 512, the improvement is not clear
on the Drond Satellite task. We hope this study could help
the real-world application in selecting the appropriate input
size, when computation sources are limited.

Is LPN robust to rotation variants? Satellite-view images
in University-1652 are north aligned and the orientation of
drone-view images is random. In the training phase, the
rotation augmentation is applied in the satellite-view branch
but not in other branches. To verify the scalability of LPN for



Fig. 7. The rst and last images are the original query and gallery images
in the test set. We pad 10 and 20 pixels in the left of the query image in the
way of re ection, respectively. Then, we crop the padded image to the original
image size in a left-aligned manner. Thus we can obtain the second and third
images, which have an offset of the geographic target with the gallery image.
The left space of the red dotted line is the extra padded pixels.

Fig. 6. The feature maps are rst divided into four parts in LPN. Then, an

average pooling layer transforms these four parts into four column vectors

which are treated as subsequent feature descriptors. For each part, we use the

numbersl; 2; 3; 4 to represent. square-ring partition strategy divides the feature maps into four
parts in LPN. We use the numbers 1, 2, 3, and 4 to represent
A TABLE VI the four parts of the feature maps, as shown in Figure 6.
BLATION STUDY OF USING ONE PART OR A COMBINATION OF DIFFERENT . H
PARTS DURING INFERENCE 1, 2, 3, 4 INDICATE FOUR AVERAGED PARTS SubseqL_Jent_Iy, we conduct experiments by C_hOOSIng one or
WHICH ARE SLICED FROM FEATURE MAPS a combination of the four parts. The experimental results

demonstrate LPN has learned complementary features (see

Part Combination Drone!  SatelliteSatellite! - Drone a0 vy \we observe that using only one part has obtained

?uery 1G allery 51@915 7'220 54%12 7@24 one fairly good result in two tasks.e., (Drone! Satellite)

2 2 71.94 7549 |83.74 71.32 and (Satellite! Drone). When we further concatenate two

3 3 71.97 75.62 (8545 71.61 or three parts, the accuracy of Recall@1 and AP gradually
4 4 70.75 7441 |82.03  69.50 increases. When all parts are leveraged, we obtain the best per-
1+2 1+2 7485 78.14 |85.59 73.69

14243 1+2+3 7574 7807 |8631 7476 formalnce |nt both tatsI;s. :t demon_strr]qtest:]hat LPlehaS Ietz)a_:_rtled
1+2+3+41+2+3+4 |7593 7914 (8645 74.79 complementary part feature, enriching the model capability.

1+2+3 2+3+4 0.07 0.38 |0.14 0.21 But the Recall@1 accuracy and AP drop dramatically in both
1+2 2+3 0.08 0.39 |0.00 0.17 tasks if query features and gallery features cover different
1+2 3+4 013 050 000 021 parts. The results re ect from the side that the learned semantic

information between the parts is complementary. Because of
the complementary in each part, the semantic information

image rotation, we conduct experiments on rotating the quefgntained in different parts is not overlapping. When there
image to retrieval the true-matched images. We do not rot&¢ different parts in the query and gallery feature.,(the
gallery images but query images. The experimental results &f¢e-matched image pair covers signi cant different areas),
shown in Table V. The0 denotes the input query imagethe different p_arts. beco.me the_dlstractors for the nal visual
without rotation. For the task of drone navigation (Sateliite féature, resulting in terrible retrieval performance.
Drone), LPN obtains robust features for unseen satellite-viewls LPN robust to the shifted query image?In the realistic
query images against different rotation angles. In contrast, fegenario, there is usually an offset in the geographic target
the task of drone-view target localization (Drohe Satellite), location of the query image and true-matched images in the
we do not train the model on the rotated drone-view datgallery. To explore whether LPN can cope with the offset of
The LPN still achieves one competitive performance withotfie geographic target location in a true-matched image pair,
a signi cant performance drop. In addition, we also attempt t¢€ carry out experiments on shifting the query image during
rotate different angles on query and gallery images to furth@sting. Speci cally, we shift the query image to the right in
test our model. The experimental results suggest that LPN Huxels and keep images in the gallery intact (see Figure 7).
good scalability to rotation variations. Table VII shows the experimental results. O indicates that the
Does LPN learn complementary part features?The input query image is not offset. When the input query image is
shifted 10 pixels, we can hardly observe a performance drops
for drone navigation and drone-view target localization tasks.
TABLE VI While the shifted pixels is 20, the performance on both tasks
ABLATION STUDY ON SHIFJLTSE%L;?TR\H%SES DURING INFERENCE ON  decreases slightly. The experimental results suggest that LPN
' is robust when there is a small offset of the geographic target

Shifted Pixel | Dronel Satellite | Satellite! Drone location for a true-matched image pair in retrieval.

5 55@22 7’3’14 ;{6@% 73"379 Geo-lopalizgtion betweeq sqtellite—view image§ a}nd
10 7526 7857 8516 7284 ground-view images. In University-1652, geo-localization
20 72.37 76.04 | 83.02 70.67 between satellite-view images and ground-view images is

a challenging task. We can sum up the dif culties in the



TABLE VIl
THE PERFORMANCE OF GEELOCALIZATION BETWEEN SATELLITE-VIEW
IMAGES AND GROUND-VIEW IMAGES. (W/O DRONE) INDICATES THAT LPN
IS TRAINED WITHOUT DRONE-VIEW IMAGES.

Satellite! Ground | Ground! Satellite
Method R@1 AP R@1 AP
Baseline [2] 1.14 1.14 1.20 2.52
Ours (w/o drone)| 1.43 1.31 0.74 1.83
Qurs 1.85 1.66 0.81 2.21
TABLE IX

ABLATION STUDY ON USING DRONEVIEW IMAGES WITH DIFFERENT
DISTANCE TO THE GEOGRAPHIC TARGET TO CONDUCT RETRIEVAL'ALL”
INDICATES THAT WE APPLY ALL DRONE-VIEW QUERY IMAGES.

. Drone! Satellite
Distance R@1 AP
All 75.93 79.14
Long 60.20 65.01
Short 75.04 78.35
Middle 80.03 82.77

Fig. 8. Visualization of heatmaps. (a) Heatmaps generated by baseline [2]
. . . and ours in different platforms of University-1652. (b) Ground-view heatmaps
following points. (1) Ground and satellite images that ar@amed from SAFA [1] and ours (SAFA + ours) on CVUSA.

collected from different viewpoints naturally have a distinct

visual appearancé2) Unlike ground-view images in CVUSA TABLE X

and CVACT, which are panoramas, the ground-view image TRANSFI.ER LEARNING FROMUNIVERSITY-1652TO SMALL-SCALE
in University-1652 only covers part of the whole building. DATASETS, 1.€, O)E(,FA)O)Fi\DgguLAgfgi ?CV%SDG:T,ESE:!I:S\NE SHOW THEAP
(3) Ground-view images in University-1652 contains vast

obstaclese.qg, .tree_s and cars. From Tablt_a VI, we can notipe Dataset ResNet-50 'IgasellneF[ ] - OursF

that geo-localization between satellite-view and ground-wewO ordEK o] 3 15562 41912 27502 51971

im not work well. Usin llite-view im xtor : : : : :
ages do not work well. Using satellite-view images to o %o 27.93 | 3818 59.00| 4581 67.73

retrieve the ground-view images, our method achieves the best
results in Recall@1 accuracy and AP. Whether employing
drone-view images or not, there is a performance decrease in

the ground-to-satellite localization compared with baseline [A1€ third model. During the evaluation, three models have not

But using drone-view images in LPN obtains better resulg¢en ne-tuned on these two datasets. For baseline and LPN,
than without using these. we choose two different branches., Fs andFy to extract

Effect of the drone distance to the geographic targefThe features, since these two branches focus on different low-level
scale of the satellite-view image in University-1652 is xedPaltérns of input images. Weights én, are trained by the

while the scale of the drone-view image changes dynamicaﬁ?te"'te'v'ew images, whilé is learned on the ground-view

with the drone distance to the geographic target. We addmages. From Table X, we observe that the extracted feature
drone-view images with different distances to the geograpHl@M LPN shows better performance on both two datasets than
target as queries to study the impact of the changed scale fgptures obtained from ResNet-50 a_md bas_e_llne. This result
LPN. As shown in Table IX, when the drone-view image iglso demonstrates that _the square-ring partition strategy can
captured in a middle distance to the geographic target, \ﬁghapce the generalization ability of our model. We a}lso.note
obtain the best performance. When the drone distance is sHBAt in the same modek has a superior generalization

to the geographic target, we can observe that the results &Ity thanFs. It is because that images in OxfordSk and
Pairs6k are closer to the Google Street View images, which

still competitive compared with using all drone-view query on IR
images. The scales of these drone-view images are close® Similar to the ground-view images collected from Google

satellite-view images. Another reason is that these drone-vidf}2g€. Besidesks is trained by the aerial-view data, which

images mainly contain the target building without extra tre¢d€Wpoint is perpendicular to the ground plane. In contrast,
and other buildings. the data viewpoint in Oxford5k or Paris6k is parallel to the

Transfer learning from University-1652 to small-scale ground plane.
datasets.To study the generalization ability of LPN trained o
on University-1652, we evaluate three models on two smaf. Qualitative Result
scale landmark retrieval datasefse., OxfordS5k [52] and  As an additional qualitative evaluation, we visualize some
Paris6k [53]. The rst model is ResNet-50 [5] trained orheatmaps created by our and compared methods. Figure 8 (a)
ImageNet [54]. The second model is baseline [2] and LPN &hows heatmaps generated by baseline [2] and LPN in the
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Moreover, we show some retrieval results for different tasks
on University-1652 and CVUSA in Figure 9. On University-
1652, we observe that LPN can adapt to retrieve the reasonable
images based on the content in both drone-view localization
and drone navigation tasks. One failure case is also shown in
the second row of Figure 9 (I), in which LPN can not recall
the matched image in top-1. We notice that it is challenging
in that the recalled top-1 image has a very similar pattern with
the query image, especially the appearance of the geographic
target in two images. On CVUSA, we observe a similar result.
Our method with SAFA [1] has successfully retrieved the
relevant satellite-view images.

V. CONCLUSION

In this paper, we identify the challenge in cross-view geo-
localization, and propose a simple and effective deep neural
network, called Local Pattern Network (LPN), to explicitly
mine the contextual information. Speci cally, we introduce
a square-ring partition strategy for learning complementary
spatial features according to the distance to the image center.
The contextual information enhances the discriminability of
the image representation with more ne-grained patterns.
Our approach has achieved competitive accuracy on three
cross-view geo-localization benchmarks,, University-1652,
CVUSA and CVACT. Moreover, the proposed LPN has good
scalability to rotation variation, which is close to the real-world
application. The square-ring partition strategy also can be
easily embedded into other frameworks to boost performance.
In the future, we will investigate applying a module, such as
STN [41], to estimate the scale of the drone-view image.
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