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Siamese Network for Place Recognition and Geopositioning

Jian Ding 1018507
E-mail j.ding@student.tue.nl

Abstract—Image matching plays an important role in many
computer vision applications such as place recognition, object
recognition, multi-view 3D reconstruction and image-based lo-
calization. Besides, the ability to match image across different
weather conditions, seasons and vegetation growth is a hard
problem to solve. In this paper, we designed a Siamese network
model based on CNN to implement the visual place recognition.
Using the single branch of a trained model as a feature extractor,
feature vectors are obtained. The similarity metric of image pairs
is measured based on feature vector by Euclidean distance. On
the other hand, in order to solve the upper problem, we also
experimented with two data preprocessing methods to process
our image set. The first is cropping images at the upper or
bottom part to remove irrelevant information from the images.
The second is to recognize all kinds of objects in images by
making use of semantic segmentation model, and then remove
sky or vegetation at pixel level directly or from feature vectors.
The recognition accuracy we obtained for image matching in the
experiment is higher than 90%

Index Terms—Siamese, image cropping, semantic segmentation
model.

I. INTRODUCTION

In recent years, visual place recognition has played an
important role in computer vision and robotics communities.
The process of identifying the location of a given image in a
large geo-tagged dataset is commonly known as visual place
recognition. Nowadays it is possible to obtain the position
information of an image using GPS. However, even if avail-
able, GPS is not always accurate under certain conditions
such as occlusion by buildings or interference from other
signal sources. Visual place recognition is unaffected in these
situations. Landmark retrieval is a popular topic in visual place
recognition. However, these methods focus on salient struc-
tures and their datasets tend to be small in size. Identifying
complex street views remains an unsolved problem. One key
difference of place recognition from other visual recognition
tasks is that the former needs to be robust to strong appearance
change and viewpoint change. The change in appearance may
be caused by variations in day time and weather, as well as
objects not included in the database images. Query images
need to be matched against images representing the same
place in the database images. Thus, a good place recognition
system must be able to handle the viewpoint variation. Then
the problem is how to extract an image representation useful
for the task of place recognition. Traditional feature extractor
mainly produces either the hand engineered local-invariant
descriptors or global descriptors GIST [1]. The local-invariant
descriptors contains scale-invariant feature transform (SIFT)
[2] and speeded up robust features (SURF) [3] that are

aggregated into a single vector for one entire image such as
vector of locally aggregated descriptors (VLAD) [4], or bag-
of-visual-word (BOVW) [5]. However, the rapid development
of the convolutional neural network (CNN) has significantly
improved the visual place recognition performance. The ear-
liest approaches treated visual place recognition as a classi-
fication problem. However, such methods have an obvious
shortcoming. They are intrinsically limited by a fairly small
number of categories (on the order of 100) [6]. Especially
for street views, it is hard to divide the dataset into a certain
number of classes.

The research question addressed in this thesis is formulated
as follows: How to deploy convolution neural network con-
cepts to the visual place recognition problem, to obtain the
recognition accuracy higher than 90%.

In this work, we do not treat visual place recognition as
a classification problem. Instead, we deploy a new archi-
tecture and train it to learn the visual similarity of images.
Additionally, we locate the geographical position of query
images, assuming that other positioning information, like GPS,
is unavailable or unreliable.

In this manner, we use image pairs for training and map ge-
ographically adjacent locations to neighboring regions of fea-
ture space. This approach is similar to person re-identification
[7] that utilizes the Siamese network and predicts whether two
pedestrians are the same. An example of image pairs can be
seen in Figure 1 and 2.

Fig. 1. Examples of positive image pairs. Each row of two images depicts
similar locations.

Fig. 2. Examples of negative image pairs. Each row of two images depicts
different locations.



A solution to the problem of appearance change by scene
clutter and weather condition is to enlarge the image set used
for training. Additional images are acquired under different
conditions including viewpoints, time or weather. The purpose
of this method is to make the neural network learn different
image feature representations for each place and become
robust to environmental changes. A disadvantage of such
a solution is that it requires the deployment of additional
resources. Furthermore, while the acquisition of additional
data can be helpful during training, it increases the training
time and may not include relatively rare data.

As an extension to this method, we experiment with se-
mantic segmentation models to directly or indirectly remove
the scene clutter. In this manner, we should be able to solve
the problem of appearance variations. Semantic segmentation
is an important branch in the field of AI, and an important
part of machine vision technology for image understanding.
This technology has recently been adopted in the autonomous
driving. Our contribution in this paper is two-fold. First, we
design a new Siamese network architecture for visual place
recognition of panoramic images based on CNN. We train
this network and use it as a convolutional feature extractor in
an image retrieval system. Second, we study the performance
impact of preprocessing methods that remove irrelevant infor-
mation from the images.

The thesis is organized as follows. Section II describes the
related work focusing on image matching and image retrieval.
Section III describes the methods including the details of
the Siamese network architecture, image label processing and
image preprocessing. In Section IV, specific experimental
details will be described and in section V the experiment
results will be presented. Finally, section VI contains the
conclusion and future work.

II. RELATED WORK

Unlike traditional feature extractors, CNN can learn high-
level features from a large dataset through deep stacked layers
in an end-to-end manner. Sunderhauf et al. comprehensively
evaluate CNN performance in terms of condition invariance
and viewpoint invariance [8]. They indicate that feature maps
from the intermediate layers of CNN are robust against
changes in condition, while features extracted from the top
layers are robust against viewpoint changes [9]. Because
of these reasons, CNN is attractive for the task of place
recognition. In [10], Arandjelovic et al. design a new CNN
architecture based on Vgg16 [11] and the VLAD representa-
tion. They remove all fully connected layer and softmax layer
and add a new layer named Netvlad after the last convolutional
layer. Such an architecture has shown good results on Google
Street View Time Machine [12] examples. However, training
a codebook is time-consuming and the dimensions of these
local image descriptors are usually very high, requiring more
hardware memory. In [13], instead of adding a new layer in
the CNN model, Iaroslav et al. designed a Siamese network
with two sHybridNet branches, which learns the similarity

of images directly. Besides, in order to improve the model’s
generalization ability and robustness to brightness, the dataset
they used contained both grayscale and color images. A more
advanced method is presented in [14], where the authors use
DSO (Direct Sparse Odometry) to extract 3D point cloud
features from images and their designed Siamese network
architecture contains three branches. 3D point cloud feature
can avoid the influence caused by the illumination change
due to weather conditions, but it also requires specialized
equipment.

Fig. 3. The proposed Siamese architecture. We use Resnet50 [15] as the
base and a single branch as the feature extractor.

Our approach is similar to [12]. We design a Siamese
network and train it to learn features relevant to our dataset.
Considering the good performance of Resnet in [15], we
adopt two Resnet50 branches as the main structure of the
Siamese network. Resnet offers good training speed and a
good classification result in the ImageNet classification task.
Figure 3 depicts the architecture used in our work. Different
from the approach of [13], we do not use grayscale images for
training to improve the robustness of the model we designed.
In this work, the images we used are panoramic, capturing 360
degrees of the environment. Besides, we use image cropping
and semantic segmentation model to preprocess our image
set and remove irrelevant objects from the image and feature
domains. Cropping is used as preprocessing because our data
(panoramic images) contains strong distortions at the upper
and the bottom regions. We study whether the features in these
regions are useful for image matching. Semantic segmentation
is used to remove some objects irrelevant to image matching
and we also study the impact of this removal on matching
performance.

Fig. 4. An example of one image processed by GCN [16]. In this image,
the yellow areas represent trees and gray areas represent the sky. Buildings
are depicted by the red areas.



An example of one image processed by the semantic seg-
mentation model can be seen in Figure 4. In this image, the
GCN classifies all kinds of objects into some specific areas
with different colors.

III. METHOD OVERVIEW

Our goal is to train a model to learn an image representation
useful for image matching. We utilize image pairs to train a
Siamese network to predict whether two images are similar or
not. Then, we use the single branch of our trained model as
a feature extractor and deploy a system for place recognition
and geopositioning. After that, we study the impact of image
preprocessing on the performance of the system. We use
image cropping and semantic segmentation to process the
whole dataset. Image cropping is used to remove distortions
in our images and semantic segmentation is used to eliminate
irrelevant objects, like trees, in the image and feature domains.
The following sections describe the main methods used in this
work.

A. Model Architecture

Figure 5 shows the details of the Siamese network we
designed. The structure consists of two identical branches that
share the weights of filters. Each branch contains 5 stages.
Apart from stage 1, each stage contains one Identity Block
and one Convolutional Block. Convolutional Block can change
the dimension of the output. So as the depth of CNN layers
increases, the scale of every feature map becomes gradually
smaller, while its depth also becomes larger. At the end of
Resnet50, each image is expressed as a 1x2048 vector. So
for each image pair (I1 and I2), after processing by each
branch, the feature representations f(I1) and f(I2) can be
obtained at the end of the flatten layer. Besides, we add two
fully connected layers at the end of two Resnet50 branches.
The purpose of adding the fully connected layers is to convert
these two feature vectors into a single vector and decrease
the dimension of the output at the same time. Before the first
fully connected layer, we do the subtraction between f(I1)
and f(I2) and use the absolute value of the result as the
input of it. After passing two fully connected layers, it will
output the logits value. In the loss layer, loss function will
compare the logits value with the true label of each image
pair and use Back-propagation to update the weights of the
filters in Resnet50. During the training, similar image pairs
will gradually be mapped to the positive interval and dissimilar
image pairs will be mapped to the negative interval. Finally,
we compare the output of the Sigmoid function with 0.5 to
predict whether each image pair similar or not.

The whole image retrieval system is based on the Siamese
network we trained. In this work, after training the Siamese
network, we use the single branch of it as a feature extractor.
The output (1x2048 vector) in the flatten layer is selected as
the feature representation of each image. Euclidean distance
is used to measure the distance between two images in feature
space. For each query image, the system will query the

whole dataset consisting of all image representations, calculate
their Euclidean distance respectively, and obtain top N image
candidates afterwards. For each candidate, we utilize its label
information and calculate the geographical distance between
the query image. Only if the distance of at least one image
is smaller than 25 meters, it is considered as a successful
retrieval.

B. Image Preparation

The accuracy of experiments largely depends on the proper
division of the test set and the training set. Besides, we
should also ensure that the positive image pairs can be created
correctly in both sets after division. In this work, we first use
the K-means [17] algorithm to process the label information of
the whole images. K-means utilizes geographical coordinates
and produces a certain number of clusters. In this manner, we
avoid re-using images in both the test and the training set.
Since our dataset covers a large geographical area, it is rare to
obtain positive image pairs if the test set is selected randomly
from the whole dataset. By using K-means, it is easy to find
a suitable matched image and form a positive image pair. We
first divide the whole dataset into the test set and the training
set. Then, for each image, we select the 1st candidate which
has the shortest geographical distance with it as the positive
image pair and the 100th candidate forming the negative image
pair.

C. Image Pre-processing

Acquiring new images at the different time and in the
different weather for additional training is costly. We attempt
to improve the retrieval performance in two ways. First, we
crop the top and bottom of the panoramic images by different
percentages. The reason is that the further away from the
image center an object is, the stronger the distortion it contains.
The objects in these distorted areas may not contain much
useful information for image matching. In contrast, it may have
a negative effect on image retrieval when the model learns the
features of these regions. Second, a challenge in visual place
recognition is handling scene clutter. Many objects do not help
uniquely identify a place, such as vegetation, pedestrians and
vehicles. We remove the contributions of these objects in two
different ways. We use a pre-trained semantic segmentation
network to identify pixels belonging to irrelevant classes.
These objects are either directly removed and a new descriptor
for the image is generated or, they are indirectly removed.
In this case, two descriptors are generated by our network.
One for the whole image and one for the objects we want to
remove. These descriptors are then subtracted, thus remove the
feature contributions of the irrelevant objects. In this work, we
select 10 images and compare the qualitative results of several
models, which include FC-DenseNet [18], RefineNet [19],
FRRN [20], Encoder-Decoder [21], MobileUNet [22], PSPNet
[23], GCN, DeepLabV3 [24] and AdapNet [25]. The best
performing network is selected for the semantic segmentation.



Fig. 5. The details of Siamese model architecture. One image passing Resnet50 will become a 1x1x2048 tensor at the end of average pooling layers. Two
fully connected layers will map image pairs close or far from each other based on their visual content. The Sigmoid function is used to judge the image pairs
if it is similar or not.

IV. EXPERIMENT

In this section, we present the proposed experiments. We
would like to solve two problems: first, learn a metric capable
of identifying visually similar panoramic image pairs by
training a Siamese network. Second, study what influence that
image preprocessing have on the trained CNN model.

A. Data Preparation

Our dataset is composed of 40532 panoramic images. Each
panoramic image is acquired every 5 meters and includes
positioning metadata (coordinates and orientation of the ac-
quisition vehicle). Before the generation of the positive and
negative pairs, we use K-means to divide the dataset into 105
clusters. We randomly select the images of 5 clusters as the test
set and use the rest of images for training. The test set consists
of 1737 images and the training set consists of 38795 images.
In terms of image pair creation, for each image in the test set or
training set, we utilize the coordinates provided for each image
and calculate the geographical distance between the image and
all other images. Then, we sort the first 100 candidates with
shortest geographical distance. The first candidate is chosen as
the positive candidate and form the positive image pair while
the 100th image is selected as the negative candidate. So in this
work, we use 38795 similar image pairs and 38795 dissimilar
image pairs for training and 1737 similar image pairs and
1737 dissimilar image pairs for testing. For image matching,
500 retrieved images selected from the whole dataset randomly
form the query image set.

Besides, we train the Siamese network with Adam Op-
timizer [26]. Adam Optimizer introduces the advantages of
Momentum [27] and RMSProp [28]. Momentum can offset the

amplitude of the loss function caused by mini-batch. RMSProp
can accelerate the training speed with a higher learning rate.
The whole model is trained using the publicly available deep
learning framework Tensorflow on one NVIDIA GTX1080
GPU.

Fig. 6. The distribution of our images in Eindhoven. It contains 105 cluster
centers

Figure 6 depicts the distribution of 105 clusters after using
K-means.

B. Model Performance Evaluation

As for performance metric, we use the accuracy to evaluate
the Siamese network we designed. For each image pair, there
are 4 kinds of prediction results-True Positive, True Negative,
False Positive and False Negative. Only true positive and true
negative prediction results are correct. For image matching,
we measure the performance using Recall@N since it is a
common metric in visual place recognition. Recall@N is a
useful metric in this task because it simulates the situation of



a user querying the system and identifying the corresponding
image from the matching set. For a given query, the top N
most similar candidates are retrieved. If at least one candidate
is found within a certain geographical distance far from the
position of the query image, then the retrieval is considered to
be correct. We use 25 meters as is commonly done in literature.

C. Image Preprocessing

After training and testing our system, we study the proposed
image preprocessing methods.

1) Image Cropping: We crop images with a differ-
ent percentage at the upper and the bottom regions and
obtain eight types of image dataset. They are crop-
ping one image at upper20%, upper10%, bottom10%,
bottom5%, upper20%−bottom10%, upper20%−bottom5%,
upper10%− bottom10% and upper10%− bottom5% respec-
tively. We abbreviate these cases as UX , BX , or UX&BY ,
where U represents a crop from the upper region and B
represents a crop from the bottom region. X and Y are the
percentages removed. After cropping, all types of images will
be resized to 128x384 and used for training and testing.

2) Semantic Segmentation: The experiment of semantic
segmentation is based on the best cropping setting as found
in the previous experiment. First, we study and select the best
semantic segmentation model. Then we perform the removal
of irrelevant objects. We use the images processed with two
methods. Figure 7 depicts these two methods that we use to
preprocess our images in pixel and feature domains. Method
I is the pixel-based removal. In this method, We use the best
model to recognize two irrelevant semantic classes. They are
sky and trees, and then we remove them from original images
directly (set the pixel values of the corresponding classes to
zero in RGB channels). After that, we use the new type of
images for image matching.

Fig. 7. Remove irrelevant objects from the feature space and the pixel level

Method II is the feature-based removal. In this method,
the original images are processed during which the classes
other than irrelevant objects are removed (set pixel values of
everything other than sky and trees to zero in RGB channels).
Then we extract the feature vector V (I1) and V (I2) from the
original image I1 and the processed image I2 respectively.
Next, the difference between the vectors is computed. We use

the result as the image feature representation. Compared with
method I, this method removes the irrelevant objects from the
feature space, instead of the pixel level.

V. RESULT AND ANALYSIS

This section describes the final experimental results from
three aspects. In our first experiment, we train a Siamese net-
work to learn the visual similarity. In the second experiment,
we build an image retrieval system for visual place recognition.
Finally, we do panoramic image preprocessing and study the
impact of it on the retrieval performance.

A. Similarity metric learning performance

The experimental results in this subsection are based on the
image pairs of test set we create in the previous section. The
test set includes 1737 similar image pairs and 1737 dissimilar
ones in total. We select the first 3250 image pairs for testing
and divide them into 13 cases randomly. Each group contains
250 image pairs. Table I summarizes the binary classification
results of the 13 groups of image pairs. For each image pair,
there are 4 kinds of possible results, which are counted and
shown in Table I. It can be seen that the accuracy of all groups
is at least 93%.

Fig. 8. Examples of false positive results. Each row of two images is visually
similar but geographically separated

Fig. 9. Examples of false negative results. Each row of two images is visually
dissimilar but geographically adjacent.

Figure 8 and Figure 9 show the examples of false pos-
itive and false negative results. In Figure 8, the first row
of dissimilar image pairs depicts the dense vegetation. This
confuses the Siamese network which results in predicting it
as a similar image pair. For the second row of the dissimilar
image pairs, the reason for the false prediction is the similarity
of the sky in both pictures. In Figure 9, the first row of
geographically similar image pairs is predicted as dissimilar
one, because of the position change of trees. For the second
row of geographically similar image pairs, the false prediction



is caused by the position change of buildings. However, this
case is unavoidable because our images are taken every 5
meters and the features of buildings are the main factor to
predict whether the image pairs are similar or not. From these
examples, we can observe that some semantic classes, like
trees and sky, have negative effects on retrieval.

B. Image cropping for image matching

Table II shows the top1 top5 and top10 recall value of
8 kinds of image cases cropped at a different percentage,
compared against the unmodified baseline. The O in this table
means in this group we use original images (uncropped) for
testing. U and B represent the regions that images are cropped
at. Numbers 20, 10, 5 are the cropping percentages.

Fig. 11. The image matching performance for the image retrieval system.
Total 8 types of images cropped with a different percentage at the upper or
bottom regions and the baseline group

It can be observed that in 4 cases (U20&B5, U20&B10,
U10&B5 and U10), cropped images outperform the baseline.
Group U20&B5 has the best result and its final top1 accuracy
is above 90%. Compared with image groups that crop images
at a single side, most groups cropping images at both sides
have a higher recall value. Among group U20, U10, B10
and B5, we can see that the performance of images cropped
at the bottom side is worse than groups cropping images at
the upper side. We infer that the bottom region of images
contains features relevant to place recognition, while features
in the upper region may be less descriptive. In most images,
the upper region tends to be the sky. Meanwhile, the bottom
region contains more information like traffic markings, road
etc. Therefore cropping images at the bottom region is more
likely to remove useful information. In turn, it causes inac-
curate image matching. Furthermore, among the cases U20,
U20&B5 and U20&B10, the recall of group U20&B5 is
the highest, which shows a proper cropping percentage of an
image indeed can improve the accuracy of image matching.
Both un-cropping and over-cropping to an image cannot obtain

a good result, and even worse. For our image dataset, cropping
one image 20% at the upper side and 5% at the bottom side
can obtain the best results while simultaneously removing the
distortions.

In Figure 11, we compare Recall@N among 9 kinds of im-
age cases for image matching. It is clear that with N increasing,
the overall performance enhances. Cropping images at B10
causes a significant decline. Recall@N is more sensitive to a
small value of N than others. From this experiments, we can
see that image cropping indeed can improve the performance
of the Siamese network we designed and the best cropping
proportion is U20&B5.

Fig. 12. Geographical error distribution for top1 candidate between group
uncrop and group upper20%− bottom5%

Figure 12 shows the geographical error distribution for
the group Uncrop and group U20&B5. The numbers in the
horizontal axis represent the actual distance interval (meter)
between the query image and its top1 candidate. The retrieved
images we used in this experiment are from the query image
set that we create in the previous experiment. The query image
set contains 500 images in total. 25 meters in the geographical
distance is the metric to judge whether two images represent
one place or not. It can be seen that the most top1 candidates
are distributed within 15 meters away from its query image.
Besides, it can also be observed that most top1 error candidates
are distributed between 100 meters and 3000 meters. These are
probably images with visually similar features (mainly trees
or sky), while the geographical distance between them is far
away from each other. Compared with group Uncrop, group
U20&B5 mainly improves the performance by decreasing
top1 error in the interval between 100 meters and 3000 meters.

C. Semantic segmentation for image matching

Figures 13 shows the examples of the results of some tested
semantic segmentation models. We select the GCN model in
this work because it has the best qualitative performance. In
the previous experiment, the group U20&B5 has the best



TABLE I
ACCURACY OF 13 IMAGE PAIR GROUPS

Group

1 2 3 4 5 6 7 8 9 10 11 12 13

TP 119 111 104 110 106 114 123 119 129 127 111 122 124

TN 119 127 137 124 137 119 116 119 111 114 134 121 114

FP 7 3 3 2 1 3 2 2 4 1 3 1 2

FN 5 9 6 14 6 14 9 10 6 8 2 6 10

accuracy 0.952 0.952 0.964 0.936 0.972 0.932 0.956 0.952 0.96 0.964 0.98 0.972 0.952

TABLE II
TOP1, TOP5 AND TOP10 ACCURACY OF 9 KINDS OF IMAGE CASES WITH IMAGE CROPPING

Group

O U20 U10 B10 B5 U20&B5 U20&B10 U10&B10 U10&B5

Top 1 86.4% 82.6% 87.2% 66.8% 76.8% 92% 88.4% 79.2% 87.6%

Top 5 93.4% 91.8% 95.4% 79.8% 89% 96.8% 95.2% 90.2% 94.6%

Top 10 95.4% 94.2% 96.4% 84.8% 92.2% 98.2% 96.6% 93.8% 96.8%

TABLE III
TOP1, TOP5 AND TOP10 ACCURACY OF 7 IMAGE GROUPS USING SEMANTIC SEGMENTATION MODEL

Group

O I&S I&T I&S&T II&S II&T II&S&T

Top 1 92% 80.6% 84% 79.8% 80.4% 67% 77.4%

Top 5 96.8% 94.2% 94.4% 92% 89% 82.2% 86.2%

Top 10 98% 95.8% 96.6% 94.2% 91.4% 86.8% 90.4%

Fig. 10. The images in the first column are original images. The images in the second column and the third column are semantically preprocessed, and we
have removed all pixels belong to the sky, trees, semantic classes other than sky and trees respectively.



performance, thus, all of our experiments in this subsection
are based on the group U20&B5. In Figure 8 and 9, it can
be known that trees and sky have a strong negative effect on
the prediction of image pair similarity. We choose the sky
and trees as the irrelevant classes and remove them. Another
reason for that is their dramatical change due to the season and
weather conditions. Using two processing methods in Figure
7, we obtain 6 kinds of image groups, and then use them
to conduct image matching. Figure 10 shows the results of
the removal based on the pixel level and feature space. The
second column of images is processed with method I and the
third column of images is processed with method II.

Fig. 13. Examples of the results of semantic segmentation with different
models. (a) is the original image. (b),(c),(d) are the results that the image
processed by GCN, DesNet and RefineNet

Table III summarizes the top1, top5 and top10 accuracy of
7 kinds of image cases. In Table III, I means that images
are processed with method I while II means that images
are processed with method II. T and S represent trees and
sky respectively. It can be observed that for most groups that
after semantic class removal, the performance is still relatively
good for N>1. However, this procedure does not provide any
performance gain when compared with the baseline. This may
due to the fact that less information is left which CNN can
learn after removing corresponding objects from feature space
or at the pixel level in the training process, compared with the
original image group. It is clear that original images contain
more information (non-zero pixels). Meanwhile, it is inevitable
to lose the features of some objects when removing them
since the semantic model cannot recognize all kinds of objects
perfectly for all images. Besides, we can also observe that
removing sky or trees from the feature space results in a worse
performance than removing them at the pixel level. We infer
that using method II may lead to some other useful features
that should not be removed getting lost. Directly removing
them at the pixel level can ensure that useful features except
trees and sky will not be lost. Another possibility that would
need to be addressed is the overfitting of our method.

Figure 14 summarizes the recall value curves of six cases
of images processed with two methods in Figure 7. nosky,
notree, notreenosky are the cases that images are processed
with method I. onlysky, onlytree, onlytreeonlysky rep-
resent the case that images are processed with method II.
Although the performance gets worse after using GCN model,
it does not mean that this method is not feasible. For a large

top N number, we can see that there are two groups and
their recall value gradually approach the original image group
in Figure 14. However, for the original image group, it still
keeps irrelevant objects for image matching, like trees and sky,
which is easier and more likely influenced by the environment.
Once these objects change greatly, the performance is likely to
change. Images processed by GCN can ignore the factors of
weather change and the growth of trees to some extent since
the trained model does not learn the features of these objects.
However, there is a limitation of the image dataset, which is
that it does not contain the images taken at a different day
time.

Fig. 14. The image matching performance of Recall@N for the image
retrieval system. Six studied scenarios of images processed with method I
or II

CONCLUSION

We have designed a Siamese network and evaluated its
performance for similarity metric learning and image matching
on our own datasets. There are several conclusions that we can
get from our experiments. First, the designed network based
on Resnet50 learns a useful representation for visually similar
images. Second, we observe that cropping the images properly
can improve the accuracy of image matching. For our dataset,
cropping images at both sides shows a better performance than
cropping at a single side, and the best cropping settings are
upper20%−bottom5%. Making use of semantic segmentation
model to remove irrelevant objects for image retrieval is
feasible and still can enable a good performance, especially
for a higher number of candidates. Removing objects at the
pixel level is preferable to remove them from feature space.

For future work, we believe there still exist some problems
unsolved. First, in our work, we directly used the pre-trained
semantic segmentation model for recognizing objects. It is not
totally suitable for our dataset since our data is panoramic
and the models are trained on planar images. The cases
that GCN cannot recognize objects or recognize them falsely
exist in some images. Therefore, training a special semantic



segmentation model with panoramic images should provide
better segmentation. The dataset also has some shortcomings.
The geographical adjacent images are taken at the same time
in one day. This means we cannot evaluate the robustness of
the system under extreme appearance change. Enriching the
dataset by acquiring additional images at a different day time
and verifying the robustness of the model combined semantic
segmentation would be a good direction for future research.
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VI. APPENDICES

The below appendices describe the blocks of Resnet50
(Identity Block and Convolutional Block), show some incor-
rect matches in the geographical positioning experiment for
the top1 candidate and, list the results of several semantic
segmentation models.

A. Resnet50 identity block and convolutional block architec-
ture

The introduction of the residual block allows Resnet to
outperform other CNNs in the Imagenet classification task in
2016. Each residual block contains multiple identity blocks
and one convolutional block. The main reason that Resnet
can offer a good training speed is through the use of batch
normalization layers in these blocks. As the depth of the whole
network increases, the problems of vanishing gradient [29]
or exploding gradient [30] become unavoidable during the
training process. Resnet introduces the batch normalization
layer in each block. This addition prevents the scale of
the weights from becoming bigger and bigger (or smaller
and smaller). Furthermore, residual blocks can enlarge the
variation between the input and the output in each block,
which makes the learning of the model weights easier. Figure
15 shows the Identity Block in stage 2 and the Convolutional
Block in stage 3. It can be seen that each red module contains
a batch normalization layer.

B. Incorrect matches in the Geographical positioning experi-
ment

Figure 16 depicts some incorrect matches for the top1
candidates of different query images. We can observe that the
incorrectly retrieval is commonly caused by dense vegetation
(trees) and sky. Trees and sky confuse our visual place
recognition systems. This happens because these two objects
are feature rich and appear in many images independently of
the geographical location. It is due to this, that we select trees



Fig. 15. The details of the Identity and Convolutional Blocks of Resnet50. The batch normalization layers are labeled bn2c branch2x and bn3a branch3x
. The block in the first column is the identity block and the block in the second column is the convolutional block.

Fig. 16. The images with green border are the query images and the images with red border are the incorrect top1 candidates.



Fig. 17. The results of four panoramic images processed by several semantic segmentation models. These models recognize all kinds of objects in these
images and assign different color to them.

and sky as the classes to remove in the semantic segmentation
experiment.

C. Qualitative semantic segmentation results

Our dataset contains only panoramic images and their po-
sitioning information. We do not have semantic segmentation
ground truth. This means that we cannot perform a quantitative
analysis of the different semantic segmentation networks.
Thereby, we perform a qualitative study of the performance
of each network. We use several pre-trained models and
select four random images for testing. Figure 17 depicts the
segmentation results of each semantic segmentation model.
From these results, we can observe that the GCN model
outperforms the others. It is noticeable that the output of
GCN is smoother than the output of other networks. This is
especially true for the recognition of trees and sky.


