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a b s t r a c t 

Thanks to Earth-level Street View images from Google Maps, a visual image geo-localization can estimate 

the coarse location of a query image with a visual place recognition process. However, this can get very 

challenging when non-static objects change with time, severely degrading image retrieval accuracy. We 

address the problem of city-scale visual place recognition in complex urban environments crowded with 

non-static clutters. To this end, we first analyze what clutters degrade similarity matching between the 

query and database images. Second, we design a self-supervised trainable de-attention module that pre- 

vents the network from focusing on non-static objects in an input image. In addition, we propose a novel 

triplet marginal loss called sharpened triplet marginal loss to make feature descriptors more discriminative. 

Lastly, due to the lack of geo-tagged public datasets with a high density of non-static objects, we propose 

a clutter augmentation method to evaluate our approach. The experimental results show that our model 

has notably improved over the existing attention methods in geo-localization tasks on the public bench- 

mark datasets and on their augmented versions with high population and traffic. Our code is available at 

https://github.com/ccsmm78/deattention _ with _ stml _ for _ vpr . 

© 2023 The Author(s). Published by Elsevier Ltd. 

This is an open access article under the CC BY-NC-ND license 

( http://creativecommons.org/licenses/by-nc-nd/4.0/ ) 
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. Introduction 

Visual place recognition (VPR) has lately been studied as a crit- 

cal component for visual localization on a city scale, thanks to the 

treet View of Google Maps. It retrieves the most similar image 

rom a Street View database for a given query image and takes 

he geographic pose of the matched image as the location of the 

uery [1] . State-of-the-art deep learning approaches have remark- 

bly succeeded in city-scale visual place recognition [2] . Despite 

heir partial success in some lighting, scale, and viewpoint varia- 

ions, securing robustness to such changes still remains extremely 

hallenging when the images are highly cluttered with moving ob- 

ects. In such cases, it would be highly beneficial to eliminate these 

emporary (or dynamic) cluttered parts of the scene so that the 

ermanent regions that do not change over time can be more fo- 

used for better results in visual place recognition tasks. Over the 

ast years, several data-driven attention approaches have been in- 

roduced to reduce the influence of dynamic local features. For ex- 
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mple, CRN [3] presented spatial attention with a two-dimensional 

ask; SENet [4] applied channel attention with a squeezing and 

xpansion mechanism; BAM [5] and CBAM [6] utilized both the 

hannel and spatial attention simultaneously. 

Although these data-driven attention methods help the network 

ocus on relatively important and frequent landmark features by 

tilizing statistical information from given databases, this statisti- 

al information, in practice, can not be easily obtained in many 

ases due to the insufficient number of datasets, causing the model 

o fail the retrieve the matched image for a given query, as shown 

n Fig. 1 . A pre-trained model is widely employed to alleviate the 

nsufficient dataset problem. Since it is usually trained as an ob- 

ect classifier, it tends to highlight a broad range of object classes 

ncluded in labels. For example, a pre-trained model with Ima- 

eNet emphasizes objects such as humans, animals, cars, airplanes, 

lants, etc. This phenomenon remains when conventional attention 

s applied to the model, as the car object is still highlighted (red) 

n the bottom right of Fig. 1 . We have observed that these dynamic

bjects are not helpful or harmful to image retrieval applications. 

We propose a novel approach (shown in Fig. 2 ), called de- 

ttention , to overcome the drawbacks of existing attention-based 
under the CC BY-NC-ND license 
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Fig. 1. Motivation : Conventional attention does not effectively suppress the dynamic parts. 

Fig. 2. The proposed de-attention and sharpened triplet marginal loss for visual place recognition First ( a. ), the de-attention layer is trained by user-configurable 

semantic guidance specifying what features are unnecessary at the object level. It gives low weights to features on the clutter objects and high importance to features on 

landmark objects, as shown in a heatmap output of the de-attention layer. Second ( b. ), with our sTML, the feature distance between the query-positive (blue-colored) and 

the query-negative (red-colored) increases, and each standard deviation decreases, so the overlapping area is minimized, leading to enhanced recall results. 
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ethods. It excludes dynamic clutters explicitly from the local 

eatures, in contrast to the attention on the dynamic clutters of 

he conventional data-driven attention-based approaches. While 

he conventional data-driven attention methods are purely depen- 

ent on the training data, our de-attention mechanism allows the 

sers to configure what features should be suppressed, for exam- 

le, the feature of humans or vehicles. Our de-attention module is 

rained not to focus on a set of user-configured predefined object 

lasses illustrated as semantic guidance in Fig. 2 . So that features 

f static objects such as buildings are more focused with our de- 

ttention (See the heat-map on the top-right in Fig. 2 ). 

In addition, we propose a sharpened triplet marginal loss (sTML) 

or better separation between the query-positive and the query- 

egative groups by further improving the discriminability of the 

earned descriptors. Specifically, the mean distance of the two fea- 

ure groups increases, and the standard deviation of each group 

ecreases, resulting in better (sharper) discrimination as shown in 

he loss function graph in Fig. 2 . Lastly, due to the lack of geo-

agged public datasets of highly crowded non-static objects, we 

ropose a clutter augmentation method for our evaluations. 

In summary, we propose a novel feature de-attention scheme to 

uppress the effects of dynamic clutter objects of images in match- 
2 
ng a query with a database, a joint loss function of sTML and de- 

ttention for better representation of the scene, better discrimina- 

ion between the positive and negative groups in terms of contrast 

earning, and finally, a data augmentation scheme to get more clut- 

ered scenes for the evaluation of our approach. This literature is 

tructured as follows. Section 2 introduces the latest related re- 

earch. Section 3 presents the proposed model and the training 

trategies. In Section 4 , implementation details and experimental 

esults are described. In Section 5 , our observations and some fre- 

uently asked questions are discussed. Finally, we conclude the pa- 

er in Section 6 . 

. Related works 

.1. Attention methods for visual place recognition 

A visual attention mechanism highlights more important parts 

f the local features extracted from images. CRN [3] introduces 

 two-dimensional re-weighting mask computed by channel re- 

uction using multi-sized convolutional layers for spatial atten- 

ion. SENet [4] achieves channel attention with fully connected 

ayer-based channel squeezing and expansion. BAM [5] and sim- 
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Fig. 3. An Architecture of the proposed approach . Our VPR network is trained to suppress the influence of dynamic parts in the local features obtained from the feature 

extractor by the de-attention module. It is a self-supervised trainable network because the ground truth semantic guidance is automatically generated from the input image. 
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le BAM [7] add a convolutional layer for spatial attention to a 

ENet-like model to calculate the channel and spatial attention 

eights simultaneously. CBAM [6] is a compact version that re- 

uces computations and hardware resources with sequential cas- 

ading channels and spatial attention models. Attentive weights 

an also be learned based on the statistical importance of features. 

WA [8] utilizes channel-direction variance of local features ex- 

racted from all DB images as a re-weighting filter so that the fea- 

ures of frequently appearing objects such as buildings and roads 

re more emphasized. DeLF [9] and DELG [10] learn attention 

cores using GPS coordinates and visual features from all database 

mages to select key points of local landmarks. 

Although these data-driven attention methods help the network 

ocus on relatively important and frequent landmark features by 

tilizing statistical information from given databases, most non- 

tatic objects with insufficient statistical information may remain 

nder insufficient datasets or extremely crowded environments. 

.2. Marginal loss for metric learning 

Distance metric learning (simply metric learning) allows us to 

onstruct task-specific distance metrics from annotated data. We 

an then retrieve DB images in VPR tasks using the learned dis- 

ance metric. A marginal loss is the most frequently used metric 

earning and has been successfully adopted. For example, [11] bi- 

arizes the descriptors and optimizes their Hamming distance with 

 contrastive loss. [12] uses a quadruple loss to increase the dis- 

ance between negative groups for the person re-identification 

ask. [13] proposes an N-pair loss for multi-class classification tasks 

hat uses all other classes’ positives for the current query’s nega- 

ives. [14] uses a triplet marginal loss (TML) to train a Siamese net- 

ork to separate positive and negative images from a query image 

y a certain margin in Euclidean space. In particular, since the TML 

as been successfully utilized in many VPR studies as an efficient 

oss function for metric learning, we use it as our model training 

oss. 

However, contrary to the TML operation that increases the 

uery-negative distance, we have observed that the query-negative 

istance decreased as much as the query-positive distance de- 

reased, resulting in reduced discrimination. To avoid this distance 

ollapsing between the query and negative images, we propose a 

ew triplet margin loss function with an additional term to com- 

ensate for it. 
3 
. Method 

We follow the same standard VPR pipeline [14] , in which the 

eep local features extracted from each image are transformed into 

ore compact and representative descriptors through the pool- 

ng process. For the pipeline, three groups of input images are re- 

uired: a query image q , positive DB images { p q 
i 
} , and negative DB

mages { n q 
j 
} where i and j are DB image indexes. For a given q , { p q 

i 
}

ust be geographically close and have a similar scene to q , while 

 n 
q 
j 
} only needs to be geographically distant from q . Then, the de-

criptors of query desc q , positive desc p , and negative desc n are in- 

erred independently by a Siamese network. At training, the shared 

eights of the Siamese network are trained with the distance rela- 

ionship of the descriptors d esc q , d esc p , and d esc n . At inference, the

imilarity between the descriptors of the query and the DB im- 

ges are measured to retrieve top- k DB images most similar to the 

uery. 

A trainable network f θ depicted in Fig. 3 transforms them into 

lobal descriptors, f θ (q ) , f θ (p 
q 
i 
) and f θ (n 

q 
j 
) with the training pa-

ameter θ of the whole network. Here, θ includes three sub- 

odule training parameter groups, φ of the feature extractor, ψ
f the de-attention module, and ω of the pooling layer. While the 

ooling layer is optimized with the sharpened TML, the feature ex- 

ractor and de-attention layer are jointly trained by de-attention 

oss and sharpened TML. The weight parameters of all modules are 

pdated by learning, except for the semantic segmentation layer 

arked with a lock. Note that the process to create semantic guid- 

nce, sg, is not required for a test time. We can formulate the for- 

arding process to generate desc I from a given image I as follows. 

esc I = f θ (I) 

= f pool 
ω (λ( f f eat 

φ
(I) , f deatt 

ψ 

( f f eat 

φ
(I)))) , 

(1) 

here the symbols are defined in Table 1 , which will be described 

n detail in the following sections. 

.1. Deep local feature extractor 

Given the image I, the H × W × D dimensional deep local fea- 

ure ϕ I is created by the local feature extractor f 
f eat 

φ
(I) , where H,

 , and D are the height, the width, and the number of the chan-

el of the local feature, respectively. We employ the activations 
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Table 1 

Symbol Definitions. 

Symbols Definition Symbols Definition 

q , desc q A query image and descriptor f pool 
ω (·) The pooling layer function 

p q 
i 
, desc p q 

i 
i th positive image of q and descriptor λ(a, b) An element-wise multiplication across channels 

n q 
j 
, desc n q 

j 
j th negative image of q and descriptor ϕ I The local feature of an image I

f θ (·) The whole network function ϕ ∗I The attentive local feature of the image I

f f eat 

φ
(·) The local feature extractor function sg I The semantic guidance of the image I

f deatt 
ψ 

(·) The de-attention module function sg ∗I The estimated semantic guidance of I

Fig. 4. Semantic Guidance Generation. We classify all pixels of an input image into seven groups in Table 2 and then convert each of them into two values of preserve (1) 

or reject (0) to create a ground truth mask called semantic guidance . 
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d  
f the convolutional layer of VGGNet [15] pre-trained with Ima- 

eNet [16] as the deep local features ϕ I . For better performance, 

e removed the following ReLU non-linearity [17] in the fifth con- 

olutional layer. We also excluded the max pooling of the last layer 

o prevent a severe reduction of spatial information. 

.2. De-attention with semantic guidance 

In this section, we introduce the de-attention mechanism that 

educes the weight of non-landmark objects with semantic guid- 

nce. Because these non-landmark features interfere with image 

etrieval, we want to exclude them explicitly before the pooling 

rocess. To this end, we propose the de-attention method that de- 

reases the weight of non-landmark objects with semantic guid- 

nce in which weights are determined according to their known 

otion characteristics. 

.2.1. Semantic guidance 

Since landmarks such as buildings and roads are usually fixed 

o the ground, we use these static properties of objects to deter- 

ine which objects are to be preserved and which are to be re- 

ected. We first segment the objects from the input image using 

eepLabv3plus [18] model trained with the Cityscape dataset [19] . 

s shown in the object category column of Table 2 , there are 

hirty-four types of object classes in the Cityscape dataset. We 

gain classify these into seven groups of objects such as road, 

uilding, human, vehicle, vegetation, sky, and other objects accord- 

ng to the known movement characteristics. To generate semantic 

uidance through the rejection area suggestion function, we set the 

ejection policy of each object group appropriate for the applica- 

ion. Fig. 4 shows the entire process of obtaining semantic guid- 

nce. Input image pixels are classified as one of thirty-four classes 

y the semantic segmentation . After we group them into seven ob- 

ects again, they have a value of zero ( reject ) or one ( preserve ) ac-

ording to the user-configurable reject policy in the reject region 

roposal . Note that for the ( optional ), we have to decide its pol-

cy to be either ( preserve ) or ( reject ) before training, depending

n the dataset or application domain. Based on the preliminary 

xperiments, we select preserve for vegetation (See Section 5.2 ). 

astly, the result of semantic segmentation is converted to a two- 
4 
imensional mask, we call it semantic guidance ( sg), which is used 

s the ground truth for learning the de-attention layer. 

.2.2. De-attention layer design 

Our de-attention module is based on the contextual re- 

eighting network [3] that has multi-kernel convolution layers for 

hannel reduction and concatenation, as shown in Fig. 5 . Convolu- 

ion operations with kernel sizes of 3, 5, and 7 output 32, 32, and 

0 channel features, respectively, and the outputs are concatenated 

stacked) into 84 channel features again. Finally, they are converted 

nto a two-dimensional mask by a 1-channel convolutional layer 

ollowed by a sigmoid function. We can then formulate the above 

orwarding process of the de-attention as follows. Given local fea- 

ures denoted by ϕ, 

g ∗ = f deatt 
ψ 

(ϕ) . (2) 

 

∗ = λ(ϕ, sg ∗) , (3) 

here ψ is the learnable parameter of de-attention layer f deatt 
ψ 

(·) , 
nd ϕ 

∗ denotes re-weighted local features, and λ(a, b) is a function 

hat performs element-wise multiplication across all channels ( D ) 

f the H × W × D dimensional a with the H × W × 1 dimensional 

. 

.3. Pooling layer 

The pooling layer converts the re-weighted local features into 

lobal descriptors. We mainly employ the NetVLAD model used in 

14] for the pooling layer which will be introduced in Section 4.1 . 

.4. Loss function 

The triplet marginal loss (TML) has been successfully utilized 

n lots of visual place recognition studies as an efficient loss func- 

ion for metric learning. To explain it, we first define the distance 

 θ (I 1 , I 2 ) between two images I 1 and I 2 as Euclidean distance be-

ween the corresponding image descriptor f θ (I 1 ) and f θ (I 2 ) as fol-

ow: 

 (I 1 , I 2 ) = ‖ f (I 1 ) − f (I 2 ) ‖ 2 (4)
θ θ θ
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Table 2 

Look-up table for Semantic Guidance. It is a look-up table that defines reject policy according to the time-varying char- 

acteristics of objects known to humans. 

No. Object Group Object Category Characteristic Reject Policy 

1 Road Road, sidewalk, guard rail Static Preserve 

2 Building Building, wall, fence Static Preserve 

3 Human Person, rider Time-varying Reject 

4 Vehicle Car, Bus, truck, caravan, trailer, motorcycle, bicyle Time-varying Reject 

5 Vegetation Tree, plant Season-varying Optional 

6 Sky Sky Time-varying Optional 

7 Other objects Bridge, tunnel, pole, terrain traffic sign, rail track, etc. Static Preserve 

Fig. 5. De-attention Layer. The modified contextual re-weighting network [3] is used as a de-attention layer in which the downsampling ratio and the number of channel 

reductions are modified to keep spatial information. 

Fig. 6. Graphic description of the proposed sharpened triplet marginal loss. In the descriptor space with the query as the origin, it is desirable that positives get closer to 

the origin and negatives get further away by learning. With the triplet marginal loss ( b ), positives get close to the query, and negatives move away from positives by m . And 

with the proposed sharpened triplet marginal loss ( c ), the negatives are farther away from the query as the negatives and positives push each other again. 
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t  
hen the TML in Eq. (5) indicates that the distance d θ (q, n 
q 
j 
) be-

ween a query q and a negative n 
q 
j 

should be larger than the dis-

ance d θ (q, p 
q 
i 
) between a query q and a positive p 

q 
i 

by a certain

argin m in global descriptor space. 

 

T ML 
θ = 

∑ 

i, j 

max ((d θ (q, p q 
i 
) + m − d θ (q, n 

q 
j 
)) , 0) , (5) 

here m is a user-defined margin. By minimizing Eq. (5) , d θ (q, p 
q 
i 
)

s forced to decrease and d θ (q, n 
q 
i 
) to increase. However, as 

 θ (q, p 
q 
i 
) decreases, d θ (q, n 

q 
j 
) may also decrease as long as the

argin m is not zero, which in turn may cause the degradation of 

eature discrimination. To avoid this distance collapsing between 

he query and negative, we add an extra term to Eq. (5) that forces

he distance between the positive and the negative to increase (see 

ig. 6 ). We call it sharpened triplet marginal loss ( sTML ) and define
5 
t as follows. 

 

sT ML 
θ = 

∑ 

i, j 

max ((d θ (q, p q 
i 
) + m 

′ − d θ (q, n 

q 
j 
) − d θ (p q 

i 
, n 

q 
j 
)) , 0) , 

m 

′ > m, (6) 

here m 

′ is the modified margin and m is the original margin as in

q. (5) . m 

′ is set to be larger than m in order to compensate for the

dditional negative term, −d θ (p 
q 
i 
, n 

q 
j 
) . As a result, we expect that

he distance between the positive and the negative can be further 

ncreased by sTML as illustrated in Fig. 6 c . 

Next, de-attention loss, L deatt , is required to train the de- 

ttention layer. We use the mean squared error (MSE) function for 

he de-attention loss as in Eq. (7) . 

 

deatt 
{ φ,ψ} = 

1 

n 

n ∑ 

i =1 

(sg i − sg ∗i ) 
2 , (7) 

here sg i is pixel-wise semantic guidance (the ground truth), sg ∗
i 

is 

he de-attention layer output of [0 , 1] , i is a pixel location and n is
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Fig. 7. Clutter Augmentation. Segmented objects in the scene of an existing public dataset are augmented at arbitrary locations with random sizes to create virtual crowded 

geotagged public datasets. 

t  

t

a

d

L

w

t

4

4

o

v

g

G

d

e

i

m

p

t

t  

g

u

4

t

c

6  

=
d

t

f

t

u  

i  

i

4

4

b

t

i

b

p

A

a

t

c

w

c

s

p  

s

a

w

t

e  

T

t

4

(

t

d

a

a

t

f

b

d

a

c

Q

(

4

4

p

l

g

i

i

w

he size of sg, H × W . For end-to-end learning, the pooling layer is

rained by sTML with distance metric, while the feature extractor 

nd de-attention layer are jointly trained by sTML in Eq. (6) and 

e-attention loss in Eq. (7) . Then, the total loss is given by 

 θ = L T ML 
θ + α ∗ L deatt 

{ φ,ψ} , (8) 

here α is a weight-balancing hyper-parameter for the two loss 

erms. 

. Experiments 

.1. Implementation 

Our VPR system is implemented using pytorch [20] with the 

riginal baseline code from [21] . In detail, we employ the con- 

olutional layers of VGG16 and AlexNet pre-trained with Ima- 

eNet as deep local feature extractors. And we use Max, Average, 

eM [10] , and NetVLAD as the pooling layers, where the descriptor 

imension in NetVLAD is 32,768, and the dimensions of the oth- 

rs are 512. For the feature clustering required for NetVLAD pool- 

ng, we use the k -means algorithm [22] . Given images, their se- 

antic segmentation is generated by MobileNet-based DeepLabv3 

lus [18] trained with Cityscape dataset [19] . Lastly, we retrieve the 

op- k most similar images to the query from the database using 

he k nearest neighbor ( k -NN) method. To implement the k -NN al-

orithm and the k -means algorithm for the feature clustering, we 

se Faiss library [23] . 

.1.1. Implementation details 

VGG16 is cropped at the last convolutional layer (conv5) before 

he last ReLU. We add descriptor-wise L2-normalization layer after 

onv5. The number of clusters used in NetVLAD experiments is K = 

4. We use the margin m = 0 . 1 , m 

′ = 1 . 5 for Eq. (6) , learning rate

 0.001, which is halved every five epochs, momentum 0.9, weight 

ecay 0.001, batch size of 4 tuples (query, positives, negatives), and 

rain for at most 30 epochs but convergence usually occurs much 

aster. The network which yields the best recall@1 on the valida- 

ion set is used for testing. We followed the same mining protocol 

sed in [14] to create the training tuple for a query, where given q

n each learning step, (q, { p q 
i 
} , { n q 

j 
} ) pairs are automatically packed

n the dataloader. 

.2. Preparing dataset 

.2.1. Clutter augmentation 

To measure the performance of the proposed method, it would 

e necessary for the test dataset to have enough amount of clut- 
6

ers. However, there are insufficient geotagged public datasets rich 

n clutter objects (vehicles, pedestrians, vegetation) in complex ur- 

an city environments. To overcome this, we augment the existing 

ublic geotagged datasets by adding clutters, which we call Clutter 

ugmentation. Specifically, we first detect clutters in each image 

nd add them to arbitrary locations in the image, where we use 

he semantic segmentation model used in semantic guidance for 

lutter detection. Next, we detect the contour lines of the clutters 

ith a contour finding method [24] and crop the clutters along the 

ontour lines as a small image patch shape. And we use clutters of 

ize over 20 × 20 pixels for natural composition among the clutter 

atches. Then, they can be re-scaled up to 0 . 9 ∼ 1 . 1 of the original

ize and are pasted into arbitrary locations whose x -coordinates 

re random values in the image, but y -coordinate is constrained 

ithin 30% of its original value. This is because we want to paste 

he clutters into appropriate contextual regions in the image, for 

xample, a car near the road but not in the air or on the buildings.

he number of added clutters ranges from ×1 ∼ ×4 times per clut- 

er. Fig. 7 show some examples of our approach. 

.2.2. Dataset 

Geotagged public datasets such as Pittsburgh 30K train/test/val 

validation) [14] , TokyoTM (TimeMachine) train/test [14] , Tokyo24/7 

est [25] are used to train and to test for city-scale VPR tasks. 

The size of each dataset is described in Fig. 8 . For convenience, 

ataset- O denotes No.O dataset in Fig. 8 . Because the same im- 

ge or images taken on the same day are included in the query 

nd database in TokyoTM (dataset- 9 , 10 ), DB images acquired on 

he same day as the query are removed from DB in TokyoTM for a 

air evaluation. Next, in the case of Tokyo24/7 (dataset-14), depth- 

ased scene synthesis [25] is not applied to our experiment. The 

atasets with clutter augmentation (CA) are notated as +clutter 

ugmentation in Fig. 8 , where the existing public datasets can be- 

ome clutter-rich congested datasets, as shown in Fig. 7 . And (DB, 

) means that the CA is applied to both DB and query images, and 

Q) means that the CA is applied only to the query images. 

.3. Results 

.3.1. Performance 

Following [3,14] , we evaluate the recall performance of the pro- 

osed method. We first search for the top- k images most simi- 

ar to the given query image in all database images without any 

eolocation. Next, in UTM coordinates, if any of the retrieved k 

mages are located within 25 meters of the query, recall at k 

s evaluated as True otherwise, it is evaluated as False. All net- 

orks are trained on the Pittsburgh-train dataset (dataset-1 in 
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Fig. 8. Dataset size. CA is the abbreviation of Clutter Augmentation . We apply CA 

( ×3 ) to every dataset. Each dataset consists of original public data and their clutter- 

augmented version, where CA can be applied only to the query (Q) or can be ap- 

plied to the Q and a database (DB) simultaneously. 
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ig. 8 ). And evaluations are performed on the public datasets and 

heir clutter-augmented versions. We select one model each from 

he local extractor and pooling layer for baseline model selection. 

lexNet or VGG16 are deep feature extractors, followed by Aver- 

ge, Max, GeM, or NetVLAD as pooling layers. As the recall at 1 

f the VGG16+NetVLAD shows the highest value of 0.85 among 

he local feature and pooling layer combinations, we select the 

GG16+NetVLAD combination as the baseline model. 

Fig. 9 is a graph comparing the recall results of the existing 

PR model and our model, where all values in the graph are from 

ur own experimental results. It shows recalls evaluated with Pitts- 

urgh dataset-3 and Tokyo24/7 dataset-14 with the models trained 

ith the Pittsburgh train dataset-1. For recall at top- k , the x -axis

epresents k values (1,2,3,4,5,10,15,20,25), and the y -axis represents 

ecall ( % ). Training proceeds until there is no further improve- 

ent in top-1 recall, usually ending before 30 epochs. Because the 

GG16 and feature embedding-based NetVLAD pooling layer com- 

ination shows better performance than other combinations of lo- 

al features VGG16 (or AlexNet) and direct pooling layers (Max, 

verage, or GeM), we select the VGG16+NetVLAD as the baseline. 

hen the existing channel and spatial attention methods such as 

ENet, BAM, CBAM, or CRN are employed to the baseline, 2 ∼ 3% 

oints of recalls are improved. On the other hand, the proposed 

ethod improves them about twice for each dataset. And, the 

erformance improves better on the Tokyo24/7 dataset, which is 

rowded with people and vehicles, compared to the non-crowded 

ittsburgh. 

Next, the recall results at 1 and 5 for all test datasets are listed 

n Table 3 . Comparing our proposed methods to existing attention 

ethods (SENet, BAM, CBAM, and CRN), we are about 3% points 

nd 8% points ahead of them in dataset-3 and dataset-14, respec- 

ively. Improvement is observed from a minimum of 1% to a maxi- 

um of 10% for most datasets. In particular, a greater performance 

mprovement is observed in the dataset-4,5,7,8,12,13,15,16 crowded 

ith non-static objects by clutter augmentation, compared to the 

ormal dataset-3,6,11,14. In addition, our model achieves the best 

n the top 1 recall in most data sets, which has the advantage of 

educing post-processing operations such as re-ranking and query 

xpansion [27] . 

.3.2. Visualization of de-attention 

Fig. 10 shows a visualization of the results of some process- 

ng steps in our approach. ( b ) is the input images. ( b ) is the se-

antic guidance, a mask data of 0 and 1. And ( c ) is the predicted
7 
emantic guidance or de-attention weight. If we train the model 

ith only the de-attention loss, the prediction converges to the 

round truth value between (0 ∼ 1) , but the gradient of sTML is 

lso backpropagated to the de-attention layer, so the model has an 

ppropriate prediction value. Therefore, note that the two groups 

f probing lines (solid vs. dotted) show similar patterns shown 

n ( c ). With a higher balancing hyper-parameter α in Eq. (8) , the

emantic guidance would be estimated more clearly, but the im- 

act of sTML decreases, leading to performance deterioration. Ex- 

erimentally, optimal results were obtained when α is 0.001. Be- 

ause the de-attention layer consists of a small model compared to 

eepLabv3plus [18] , which is used for creating semantic guidance, 

lurred de-attention results are predicted compared to semantic 

uidance. Nevertheless, it often detects non-static objects not de- 

ected in semantic guidance for de-attention training ground truth, 

or example, the excavator pointed by the purple circle. Also, ve- 

icles and people are highly attentive before de-attention as is ( e ), 

ut they do not get attentive after the de-attention module. In- 

tead, landmarks such as buildings and roads get highly attentive, 

s shown in ( f ). Given image I and its local feature ψ I ∈ R 

C×H×W ,

he heatmaps e, f are obtained from Eq. (9) similar to [15] . 

 HeatMap (ψ I , I) = Superimpose ( Normalize ( F A v gCh (ψ I × F A v g2 d (ψ I ))) , I) , 

(9) 

here F A v g2 d (·) and F A v gCh (·) are average the local feature in the 

patial direction and channel direction, respectively. And Normalize 

ormalizes input between 0 and 1, and Superimpose (·, I) overlays 

·) on the input image I. Since there is no classification layer in 

PR, we use the heatmap method instead of general visualization 

unctions such as class activation map (CAM) [28] . 

.3.3. Sharpened triplet marginal loss 

We classified the database images into positive and negative 

roups with trained models to observe the effect of our sharpened 

riplet marginal loss (sTML). Then we drew a histogram of each 

roup and compared their mean and standard deviation. To distin- 

uish the two groups well, it is desirable that the distance between 

he centroid of the two groups is far and the standard deviation 

f each group is small so that the overlapping area is minimized. 

ig. 11 is a histogram of the descriptor distance between query 

nd database images. We found that the optimal TML margin m 

s 0.1 and the optimal sTML margin m 

′ is 1.5 from experiments 

ith dataset-1. To compare the distance histogram with various 

argins, we set the margin m for triplet marginal loss varies from 

.05 to 0.3. And we set the margin m 

′ for the sharpened triplet 

arginal loss as 1.5, where the margin between query and nega- 

ive and the margin between positive and negative is set to be 0.1 

nd 1.4, respectively. 

Fig. 11 a is a distance distribution with the off-the-shelf model, 

nd b ∼e are the distributions of models trained with triplet 

arginal loss with varying margins. And f results from our sharp- 

ned triplet marginal loss. In each graph, the narrower the overlap- 

ing area of the two distance distributions (for example, the yel- 

ow area of c ), the better the descriptor distinction. Fig. 11 c is the

est result of the model learned with existing TML, where 	m is 

.11, and σp and σq are 0.09 and 0.08, respectively. And, Fig. 11 f is 

he result of our sharpened triplet marginal loss (sharpened TML), 

here 	m increases to 0.15, σp and σq are 0.07 and 0.05, respec- 

ively. Hence, the overlapping area of the two groups is the small- 

st in all graphs in Fig. 11 , leading to the best recall result. Note

hat if only margin m is increased without the term d θ (p 
q 
i 
, n 

q 
j 
) of

q. (5) , the performance improvement is negligible or rather dete- 

iorated. For example, Fig. 11 e has the highest 	m , 0.26, but the 

tandard deviations are also high with the large overlapping ar- 

as, leading to the low recall results than others. And note that the 
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Table 3 

Benchmark table for various models with public datasets and their clutter augmented version This is a benchmark table comparing the recall results of the existing VPR model and our model, where all values in the Table 

are from our own experimental results. CA, DB, and Q are abbreviations of clutter augmentation, database, and query, respectively. And BL, DA, and sTML denote the baseline model, the proposed de-attention, and the sharpened 

triple marginal loss. All models are trained with the Pittsburgh train dataset-1, and they are tested with various datasets- 3 ∼ 8 and dataset- 11 ∼ 16 . Bold font means the best results in every column. Our models achieve the 

best at the top-1 recall in most datasets. 

Test dataset Pitts30k-val Pitts30k-test TokyoTM Tokyo24/7 

CA type Normal (No CA + CA on (Q + CA on (DB,Q Normal (No CA + CA on (Q + CA on (DB,Q Normal (No CA + CA on (Q + CA on (DB,Q Normal (No CA + CA on (Q + CA on (DB,Q 

No. in Fig. 8 a 3 4 5 6 7 8 11 12 13 14 15 16 

ModelsRecall @1 @5 @1 @5 @1 @5 @1 @5 @1 @5 @1 @5 @1 @5 @1 @5 @1 @5 @1 @5 @1 @5 @1 @5 

VGG16 [15] (V) + 
AVGpool 

0.69 0.87 0.45 0.68 0.48 0.72 0.65 0.83 0.48 0.67 0.49 0.71 0.69 0.82 0.44 0.59 0.48 0.64 0.23 0.39 0.14 0.26 0.12 0.26 

V + MAXpool 0.73 0.89 0.59 0.81 0.56 0.79 0.72 0.87 0.59 0.78 0.57 0.78 0.74 0.85 0.59 0.74 0.55 0.71 0.40 0.59 0.29 0.46 0.28 0.47 

V + GEMpool [26] 0.75 0.89 0.57 0.79 0.55 0.78 0.70 0.86 0.53 0.71 0.55 0.76 0.76 0.86 0.55 0.61 0.54 0.70 0.36 0.52 0.27 0.41 0.21 0.38 

AlexNet + 
NetVLAD [14] 

0.82 0.93 0.80 0.92 0.78 0.91 0.79 0.90 0.77 0.88 0.75 0.87 0.88 0.94 0.83 0.90 0.81 0.89 0.44 0.57 0.39 0.53 0.36 0.49 

V + NetVLAD [14] 

(BL 0.85 0.94 0.77 0.91 0.71 0.86 0.81 0.91 0.73 0.86 0.70 0.84 0.91 0.95 0.81 0.89 0.77 0.86 0.57 0.72 0.45 0.63 0.35 0.52 

BL + CRN [3] 0.87 0.94 0.85 0.94 0.84 0.93 0.84 0.92 0.82 0.90 0.80 0.89 0.91 0.95 0.87 0.93 0.85 0.91 0.60 0.74 0.55 0.68 0.51 0.64 

BL + BAM [5] 0.87 0.94 0.85 0.94 0.83 0.93 0.83 0.92 0.80 0.90 0.78 0.89 0.90 0.94 0.87 0.92 0.85 0.91 0.58 0.69 0.52 0.64 0.49 0.62 

BL + CBAM [6] 0.85 0.94 0.81 0.92 0.80 0.92 0.82 0.91 0.78 0.89 0.76 0.88 0.85 0.91 0.77 0.86 0.76 0.86 0.46 0.63 0.37 0.60 0.41 0.56 

BL + SENet [4] 0.87 0.95 0.85 0.95 0.83 0.93 0.83 0.92 0.80 0.89 0.78 0.89 0.91 0.95 0.87 0.93 0.85 0.91 0.59 0.75 0.50 0.68 0.53 0.65 

BL + DA (ours) 0.88 0.95 0.86 0.95 0.84 0.94 0.83 0.92 0.81 0.90 0.79 0.89 0.91 0.95 0.87 0.93 0.86 0.92 0.65 0.77 0.59 0.72 0.55 0.71 

BL + DA + sTML 

(ours 

0.89 0.96 0.88 0.96 0.86 0.95 0.85 0.92 0.83 0.91 0.80 0.89 0.92 0.95 0.88 0.93 0.85 0.91 0.64 0.76 0.58 0.73 0.51 0.67 

BL + DA + sTML + 

SENet (ours 

0.90 0.96 0.88 0.96 0.86 0.95 0.84 0.92 0.82 0.90 0.81 0.89 0.92 0.95 0.88 0.93 0.86 0.92 0.67 0.77 0.57 0.73 0.58 0.71 

8
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Fig. 9. Recall curve. This graph compares the recall results of the existing VPR model and our model, where all values in the graph are from our own experimental results. 

All models are trained with the Pittsburgh train dataset-1 and tested with Pittsburgh dataset-3 and Tokyo 24/7 dataset-14. The baseline (red solid line) with the existing 

channel and spatial attention methods such as SENet, BAM, CBAM, or CRN improve recall by 2 ∼ 3% points, while our method achieves an improvement of about twice that 

for each dataset (blue solid line). 

Fig. 10. Visualization of De-attention Result. b is semantic guidance for image a. c is a de-attention weight which is a prediction of the semantic guidance. d shows detailed 

comparisons of b and c at three horizontal probing lines, where solid lines are for the ground truth, and dotted lines are for predictions. c can detect non-static objects 

not detected in the ground truth (excavators at purple circle). e and f are local features before and after de-attention, respectively. Landmark features such as buildings and 

roads are more focused on after de-attention in f . 
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 NQP does not change significantly (less than 5 ◦) in any datasets 

r margins in the experiments. Since this new loss tends to sep- 

rate the two distance distributions, d qp and d qp , more sharply, 

s shown in Fig. 11 f , we call it sharpened triplet marginal loss

sTML). 

.4. Network size and run-time 

Network size is measured by counting the number of tensor pa- 

ameters. We use an Intel Xeon Silver 4210R CPU (2.40GHz) with 
ne Nvidia RTX3090 GPU to measure the execution time. Table 4 

Table 4 

Model size and run-time tested for Tokyo24/7 test data. 

Models Size (# of parameters) Recall@1 Sec./image 

Baseline (BL) 14.7M 0.57 0.04 

BL + SENet 14.8M 0.59 0.04 

BL + CRN 15.8M 0.60 0.05 

BL + Deattention (ours) 15.8M 0.65 0.05 

e

r

o

4

l

i

9

s the result of measuring the size and run time of the critical 

odel. The image size used for measurement is 3 × 480 × 640 for 

he channel, height, and width, respectively. 

For baseline (BL) composed of VGG16 CNN layer and NetVLAD 

ooling, the parameter size is 14 . 7 M. With our de-attention, the 

ecall performance improves by about 8% points, and its size and 

xecution time increase slightly. VGG16 with fully connected lay- 

rs is included in the table for size comparison with general 

etworks. Regarding the run time, even if it is about 0.05 sec- 

nds per image, a real-time operation is not guaranteed when 

he number of database images to be processed increases. How- 

ver, when the VPR algorithm is fixed with sufficient performance, 

eal-time operation is possible by building the database descriptor 

ffline. 

.5. Qualitative evaluation 

We present an example of the retrieval results for the chal- 

enging query of dataset-14 as shown in Fig. 12 , using the qual- 

tative evaluation expression method used in [14] . Note that our 
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Fig. 11. Histogram of descriptor distances. This is a histogram of the positive and negative group’s mean and standard deviation to visualize the distinction between 

descriptors. The x -axis is the distance bins, and the y-axis is the frequency of each distance. d qp and d qn are the Euclidean distances between query and positive, query and 

negative, respectively. 	m is an absolute difference between the d qp mean and d qn mean. σp and σn are the standard deviations of d qp and d qn , respectively. 

Fig. 12. Retrieval Results for challenging queries Examples of image retrieval results for challenging queries on dataset-14, Tokyo24/7. Each column corresponds to one test 

case: the query is shown in the first row, the top retrieved image using our best method (BL + DA + sTML + SENet) in the second, and the top-1 retrieved image using the 

best baseline (VGG16 + NetVLAD: BL) in the last row. The blue and red borders correspond to correct and incorrect retrievals, respectively. 
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e-attentive descriptor can recognize the same place despite large 

hanges in appearance due to illumination (day/night), viewpoint, 

nd partial occlusion by cars, trees, and people. 

In particular, in the case of the fourth column query at the top 

n Fig. 12 , the BL retrieved the parking lot while we ignored the 

arge van and found a house correctly. Also, in the case of the 

hird and fourth columns at the bottom, both BL and ours suc- 

eed in the query taken during the daytime, but only ours suc- 

eeds in the query taken at night. In the case of the fifth query, 

hich is too dark and lacks landmarks, both failed, but we found 
10 
elatively similar structures. Next, Fig. 13 is the retrieval results 

or various attention and de-attention method with the internal 

eature visualization. The vertical direction is divided into Base- 

ine (BL), BL+CBAM, BL+SENet, BL+CRN, and ours (BL + de-attention 

 sTML + SENet) methods, respectively. Then, for each method, the 

op row is the query and retrieved top-1 database images, and the 

ottom row is a visualization of their local features. Our method at 

he bottom reduces the features of dynamic objects such as people 

nd vehicles more than other methods and relatively strengthens 

andmarks such as buildings. 
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Fig. 13. Retrieval results and visualization for various cases Examples of image retrieval results for challenging queries on dataset-14, Tokyo24/7. Each column corresponds 

to one test case. From the top to the bottom row, each row corresponds to Baseline (BL), BL+CBAM, BL+SENet, BL+CRN, and ours (BL + de-attention + sTML + SENet), 

respectively. For each row, the top sub-row is the query and top-1 database image, and the bottom sub-row is the local feature heatmap. The blue and red borders correspond 

to correct and incorrect retrievals, respectively. 
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. Discussion 

.1. Why not employ semantic guidance directly to the input image? 

To answer these questions, we performed the following two ap- 

roaches. First, we added a channel for semantic guidance to the 

nput 3 (RGB) channel. Then, we added a convolutional layer to 

he front of the feature extractor that receives four channels and 

utputs three channels to use fixed-size pre-trained weights. Since 

 new convolutional layer has been added to the front, we must 

rain the model entirely. In our preliminary experiments, if only 

he added convolutional layers and the last 3 layer of VGG16 were 

rained, the recall top-1 was 0.83, lower than the baseline’s 0.85. 

ext, the recall performance is similar to the baseline when the 

ntire layer is re-trained with the added extra channel. According 

o these experiments, delivering semantic guidance to the input 

hannel directly does not improve the performance of the baseline. 

The second method is to overwrite the input RGB channel with 

emantic guidance. To this end, we overwrite the semantic guid- 

nce mask over the pixel values in existing input data. The pixel 

alues of the clutter region were replaced with constant num- 

ers (zeros, ones, and random values), or Gaussian blurrings [29] . 

n our preliminary experiments, all cases of the second method are 

ower than the baseline without a train. Even with training, the 

ighest recall is 0.86, so the performance improvement over the 

roposed method is negligible. In addition, it is very disadvanta- 

eous in terms of hardware resources that an extra extensive seg- 

entation network for generating semantic guidance is required 

or all input images, even at test time. To make a long story short, 

assing semantic guidance directly to the input does not improve 

erformance more than ours. 

.2. Which object should be de-attention? 

We have investigated how performance changes when an object 

s de-attention. A crowded and non-static object-rich Tokyo24/7 

dataset-3) is used for the experiment. Since it has no training 

ata, a network is trained with Pittsburgh (dataset-1). In our pre- 

iminary experiments, de-attention (human, vehicle) has the best 

ecall at top-1. All de-attention except vegetation only has bet- 
11 
er recall than baseline. De-attention human, vehicle, vegetation 

green solid line) suits applications requiring high season changes 

r high performance at high recall at If only the recall at top-1 

s required without re-ranking [10] , de-attention human, vehicle 

hould be selected. We set the human, vehicle combination as the 

efault clutter for other de-attention experiments. 

.3. Limitations of our approaches 

With the proposed de-attention method, the VPR network can 

earn to adjust the weights of local features by class units. How- 

ver, when the user sets the weight of a hyper-parameter class, it 

s not guaranteed to be optimal. We alleviated this problem with 

reliminary experiments in Section 5.2 , but consideration for set- 

ing may be required depending on the dataset. Next, we use the 

re-trained DeepLabv3 segmentation network to generate seman- 

ic guidance during training. If the environment of the pre-trained 

ataset severely differs from the VPR environment, performance 

an be reduced. For example, if we apply the semantic guidance 

odule based on the Cityscape dataset [19] to the indoor dataset, 

he result of object segmentation will be inaccurate. We have pro- 

osed a clutter augmentation method that extracts an image patch 

f a non-static object area designated from an input image and 

opies it to an arbitrary location. This method can produce unnat- 

ral images if cluttered objects are inaccurately detected, or the 

estination location is inappropriate. But our method seems suf- 

cient for generating augmented datasets for performance evalua- 

ion. Our proposed de-attention and sTML can be easily added to 

xisting visual place recognition in a plug-and-play type. In this 

aper, we compared the performance by applying several existing 

ttention and our method to the VGG16-based NetVLAD method. 

e plan to add our method to the latest state-of-the-art VPR for 

uture works. 

. Conclusion and future works 

We have addressed the feature de-attention and ranking loss 

roblems for visual place recognition in a complex urban envi- 

onment with dynamic non-static clutter objects. We found that 

he conventional attention mechanisms could not effectively sup- 
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ress the local features of dynamic objects for the visual place 

ecognition tasks. To cope with this problem, we have devised the 

e-attention mechanism that allows the user to select the types 

f non-static clutter objects to be ignored. In addition, we have 

roposed the sharpened triplet marginal loss that forces the two 

istributions to be more sharply separated by analyzing the dis- 

ance distributions of positive and negative samples. For evalua- 

ion, we have also proposed a new clutter augmentation method 

o create a crowded version of the public dataset. Because the pro- 

osed model significantly improves the state-of-the-art VPR tasks 

n public benchmark datasets highly crowded with people and 

ars, it can be useful in city-scale localization. Since the feature 

nfluence of the object unit is controllable during the learning pro- 

ess, our method can be used in various applications that inter- 

ere with unwanted clutter. As a limitation, we determined which 

bjects would be suppressed by a simple prior experiment, but it 

ay not be optimal. To tackle this, we plan to design a new archi-

ecture in which the optimal de-attention weights for each class 

re automatically learned in future work. 

Our contributions are summarized as follows. We have de- 

cribed the details of our proposed de-attention model and sTML 

unction in Section 3 . And we have also visited not only the quan-

itative performance of our model ( Fig. 9, Table 3 ) but also its

ualitative performance ( Fig. 12 ) and internal results ( Fig. 10 ) in

ection 4.3 . In addition, we have conducted a lot of prior experi- 

ents to answer questions that readers may have about our de- 

ttention model in Section 5 . Lastly, we have shown the advantage 

f de-attention by visualizing the results of the conventional atten- 

ion and de-attention methods with heatmaps ( Fig. 13 ). 
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