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1 fork=20,1,--- do
y(k) = wh (k)x(k)
(

(5]

// output signal

3 | e(k)=d(k)—y(k) // error signal
4 | wk+1)=w(k)+ ue*(k)x(k) // weight vector update
5 end
5% B-1 LMS SREATEA A
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1 module stap_Ims

2 #(

3 parameter M

4 L

5 W_IN

6 W_OUT

7 W_COEF

8 )(

9 output signed [W_OUT-1:0]
10 output signed [W_OUT-1:0]
11 output
12 input [M*W_IN-1:0]
13 input [M+W_IN-1:0]
14 input
15 input
16 input
17 )s

y_i,
Y_q,
vout,
u i,
u_gq,
vin,
clk,
rst

//
//
I
I
I

number of antennas

length of FIR filter
wordlength of input data
wordlength of output data
wordlength of weights

in—phase component of STAP output
quadrature component of STAP output
data valid flag of output (high)
in—phase component of M antennas
quadrature component of M antennas
data valid flag for input (high)
clock signal

reset signal (high)
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Mapillary Street-Level Sequences: A Dataset for Lifelong Place Recognition

Frederik Warburg'*, Sgren Hauberg', Manuel Lopez-Antequerat, Pau Gargallo,
Yubin Kuang?, and Javier Civera?

"Technical University of Denmark, *Mapillary AB, $University of Zaragoza
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Abstract

Lifelong place recognition is an essential and challenging
task in computer vision, with vast applications in robust local-
ization and efficient large-scale 3D reconstruction. Progress is
currently hindered by a lack of large, diverse, publicly available
datasets. We contribute with Mapillary Street-Level Sequences
(MSLS), a large dataset for urban and suburban place recog-
nition from image sequences. It contains more than 1.6 million
images curated from the Mapillary collaborative mapping plat-
form. The dataset is orders of magnitude larger than current
data sources, and is designed to reflect the diversities of true
lifelong learning. It features images from 30 major cities across
six continents, hundreds of distinct cameras, and substantially
different viewpoints and capture times, spanning all seasons
over a nine-year period. All images are geo-located with GPS
and compass, and feature high-level attributes such as road type.

We propose a set of benchmark tasks designed to push
state-of-the-art performance and provide baseline studies. We
show that current state-of-the-art methods still have a long
way to go, and that the lack of diversity in existing datasets has
prevented generalization to new environments. The dataset and
benchmarks are available for academic research.!

1. Introduction

Visual place recognition is essential for the long-term
operation of Augmented Reality and robotic systems [31].
However, despite its relevance and vast research efforts, it
remains challenging in practical settings due to the wide array
of appearance variations in outdoor scenes, as seen in the
examples extracted from our dataset in Figure 1.

Recent research on place recognition has shown that
features learned by deep neural networks outperform traditional

*The main part of this work was done while Frederik Warburg was an intern
at Mapillary.
Lywww.mapillary.com/datasets/places

Figure 1: Mapillary SLS contains imagery from 30 major cities
around the world; red stands for training cities and blue for
test cities. See four samples from San Francisco, Trondheim,
Kampala and Tokyo with challenging appearance changes due
to viewpoint, structural, seasonal, dynamic, and illumination.

hand-crafted features, particularly for drastic appearance
changes [5, 31, 55]. This has motivated the release of several
datasets for training, evaluating and comparing deep learning
models. However, such datasets are limited, in at least three
aspects. First, none of them covers the many appearance
variations encountered in real-world applications. Second,
many of them have insufficient size for training large networks.
Finally, most datasets are collected in small areas, lacking the
geographical diversity needed for generalization.

This paper contributes to the progress of lifelong place
recognition by creating a dataset addressing all the challenges de-
scribed above. We present Mapillary Street-Level Sequences
(MSLS), the largest dataset for place recognition to date, with
the widest variety of perceptual changes and the broadest
geographical spread”. MSLS covers the following causes of
appearance change: different seasons, changing weather condi-
tions, varying illumination at different times of the day, dynamic

2See the video accompanying the paper for an overview and sample images.
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Type of appearance changes
. 2| s|E| 2|5 8]|¢E
Name Environment Total length Geographical Temporal Frames % g é- § E‘) £ g
coverage coverage 3 g & S *E Z
K = [a] [a) = | @
Nordland [36, 37] Natural + urban 728 km 182 km 1 year ~ 115K X X X X X | X
SPED [12] Urban - - 1 year ~2.5M X X | X
KITTI [20] Urban + suburban ~ 39.2 km 1.7 km 3 days ~13K X | X X | X | X
Eynsham [14] Urban + suburban 70 km 35 km 1 day ~10K X | X | X X | X | X
St. Lucia [21] Suburban 47.5 km 9.5 km 1 day ~33K X | X X X X | X
NCLT [Y] Campus 148.5 km 5.5 km 15 mon. ~ 300K X X | X | X
Oxford RobotCar [32] Urban + suburban ~ 1.000 km 10 km 1 year ~27K X
VL-CMU [8] Urban + suburban 128 km 8 km 1 year ~1.4K X | X X | X | X
FAS [34] Urban + suburban 120 km 70 km 3 years ~43K X X
Garden Point [41] Urban + campus <12 km 4 km 1 week ~ 600 X | X X X | X
SYNTHIA [44] Urban 6 km 1.5 km - ~ 200K X | X
GSV [56] Urban - - - ~60K X | X | X | X | x| X|X
Pittsburgh 250k [51] Urban - - - ~ 254K X | X X | x| X
TokyoTM/247 [50] Urban - - - ~ 174K X X
TB-places [28] Gardens <100m <100m 1 year ~ 60K X | X X | X | X
Mapillary SLS (Ours)  Urban + suburban 11,560 km 4,228 km 7 years ~1.68M

Table 1: Summary of place recognition datasets. Geographical coverage is the length of unique traversed routes. Total length
is the geographical coverage multiplied by the number of times each route was traversed. Temporal coverage is the time span from
the first recording of a route to the last recording. “~" stands for “not applicable”.

objects such as moving pedestrians or cars, structural modifica-
tions such as roadworks or architectural work, camera intrinsics
and viewpoints. Our data spans six continents, including diverse
cities like Kampala, Zurich, Amman and Bangkok.

In addition to the dataset, we make several contributions
related to its experimental validation. We benchmark par-
ticularly challenging scenarios such as day/night, seasonal
and temporal changes. We tackle a wider set of problems
not limited to image-to-image localization by proposing six
variations of MultiViewNet [ 1 6] to model sequence-to-sequence
place recognition. Moreover, we formulate two new research
tasks: sequence-to-image and image-to-sequence recognition,
and propose several feature descriptors that extend pretrained
image-to-image models to these two new tasks.

2. Related Works

Place Recognition. Place recognition consists of finding the
most similar place of a query image within a database of reg-
istered images [31, 55]. Traditional visual place descriptors are
based on aggregating local features using bag-of-words [45], Fis-
cher vectors [39] or VLAD [25]. Other hand-crafted approaches
exploit geometric and/or temporal consistency [15, 17, 33]
in image sequences. Torii et al. [50] synthesizes viewpoint
changes from panorama images with associated depth. These
synthetic images make the place descriptor, DenseVLAD
[4, 26], more robust to viewpoint and day/night changes.

As in other computer vision tasks, deep features have
demonstrated better performance than hand-crafted ones [55].
Initially, features from existing pre-trained networks were used
for single-view place recognition [/, | |, 46—48]. Later works

16

demonstrated that the performance improves if the networks
are trained for the specific task of place recognition [5, 22, 30].
One of the recent successes is NetVLAD [5, 55], which uses
a base network (e.g. VGG16) followed by a generalized VLAD
layer (NetVLAD) as an image descriptor. Other works, such
as R-MAC [49] and Chen et al. [13], extract regions directly
from the CNN response maps to form place descriptors.

Recent deep-learning-based methods exploit the temporal,
spatial, and semantic information in images or image sequences.
Radenovic et al. [42] proposes a pipeline to obtain large 3D
scene reconstructions from unordered images and uses these 3D
reconstructions as ground truth for training a Generalized Mean
(GeM) layer with hard positive and negative mining. Garg
et al. [18], on the other hand, uses single-view depth predictions
to recognize places revisited from opposite directions. Also,
addressing extreme viewpoint changes, Garg et al. [ 19] suggests
semantically aggregating salient visual information. The 3D
geometry of a place is also used by PointNetVLAD [2] that
combines PointNet and NetVLAD to form a global place
descriptor from LiDAR data. MultiViewNet [ 16] investigates
different pooling strategies, descriptor fusion and LSTMs to
model temporal information in image sequences. This research
is, however, hindered by the lack of appropriate datasets.

Place Recognition Datasets. Table | summarizes a set of
relevant place recognition datasets. Below we highlight more
details and compare our contributions against existing datasets.

Nordland [36, 37] contains 4 sequences of a 182km-long
train journey, traversed once per season. It captures seasonal
changes but contains small variations in viewpoint, camera
intrinsics, time of day or structural changes.
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