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Abstract

We introduce a novel CNN-based approach for visual lo-

calization from a single RGB image that relies on densely

matching a set of Objects-of-Interest (OOIs). In this pa-

per, we focus on planar objects which are highly descrip-

tive in an environment, such as paintings in museums or

logos and storefronts in malls or airports. For each OOI,

we define a reference image for which 3D world coordi-

nates are available. Given a query image, our CNN model

detects the OOIs, segments them and finds a dense set of

2D-2D matches between each detected OOI and its corre-

sponding reference image. Given these 2D-2D matches, to-

gether with the 3D world coordinates of each reference im-

age, we obtain a set of 2D-3D matches from which solving

a Perspective-n-Point problem gives a pose estimate. We

show that 2D-3D matches for reference images, as well

as OOI annotations can be obtained for all training im-

ages from a single instance annotation per OOI by leverag-

ing Structure-from-Motion reconstruction. We introduce a

novel synthetic dataset, VirtualGallery, which targets chal-

lenges such as varying lighting conditions and different oc-

clusion levels. Our results show that our method achieves

high precision and is robust to these challenges. We also

experiment using the Baidu localization dataset captured in

a shopping mall. Our approach is the first deep regression-

based method to scale to such a larger environment.

1. Introduction

Visual localization consists in estimating the 6-DoF cam-

era pose from a single RGB image within a given area,

also referred to as map. This is particularly valuable if

no other localization technique is available, e.g. in GPS-

denied environments such as indoor locations. Interesting

applications include robot navigation [8], self-driving cars

and augmented reality (AR) [6, 22]. The main challenges

include large viewpoint changes between query and train

images, incomplete maps, regions without valuable infor-

mation (e.g. textureless surfaces), symmetric and repetitive

elements, varying lighting conditions, structural changes,

dynamic objects (e.g. people), and scalability to large areas.

Traditional structure-based approaches [17, 18, 24, 26,

27, 34] use feature matching between query image and map,

coping with many of the mentioned challenges. However,

covering large areas from various viewpoints and under dif-

ferent conditions is not feasible in terms of processing time

and memory consumption. To overcome this, image re-

trieval can be used to accelerate the matching for large-

scale localization problems [10, 29, 35]. Recently, meth-

ods based on deep learning [2, 16] have shown promising

results. PoseNet [16] and its improvements [4, 7, 15, 39]

proceed by directly regressing the camera pose from input

images. Even if a rough estimate can be obtained, learn-

ing a precise localization seems too difficult or would re-

quire a large amount of training data to cover diversities

both in terms of locations and intrinsic camera parameters.

More interestingly, Brachmann et al. [2, 3] learn dense 3D

scene coordinate regression and solve a Perspective-n-Point

(PnP) problem for accurate pose estimation. The CNN is

trained end-to-end thanks to a differentiable approximate

formulation of RANSAC, called DSAC. Scene coordinate

regression-based methods obtain outstanding performance

in static environments, i.e., without changes in terms of ob-

jects, occlusions or lighting conditions. However, they are

restricted in terms of scene scale.

The above mentioned challenges of visual localization

become even more important in very large and dynamic en-

vironments. Essential assumptions, such as static and un-

changed scenes are violated and the maps become outdated

quickly while continuous retraining is challenging. This

motivated us to design an algorithm inspired by advances

on instance recognition [11] that relies on stable, prede-

fined areas, and that can bridge the gap between precise

localization and long-term stability in very vivid scenarios.

We propose a novel deep learning-based visual localization

method that proceeds by finding a set of dense matches be-

tween some Objects-of-Interest (OOIs) in query images and

the corresponding reference images, i.e., a canonical view

of the object for which a set of 2D-3D correspondences is

available. We define an Object-of-Interest as a discrimina-

tive area within the 3D map which can be reliably detected
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Figure 1. Overview of our pipeline. Given a query image, we use a CNN to first, detect and segment a predefined list of Objects-of-Interest,

and second, to regress dense matches to their reference images (dots in color). These reference images contain a dense 2D pixels to 3D

coordinates mapping. We thus obtain 2D-3D matches by transitivity and solve a PnP problem to obtain the camera localization.

from multiple viewpoints, partly occluded, and under vari-

ous lighting conditions. Figure 1 shows an overview of our

pipeline. Our model relies on DensePose [9], a recent ex-

tension of Mask R-CNN [11] that not only detects and seg-

ments humans, but also regresses dense matches between

pixels in the image and a mesh surface. In our case, we use

it (i) to detect and segment OOIs, and (ii) to obtain a dense

set of 2D-2D matches between the detected OOIs and their

reference images. Given these matches, together with the

2D-3D correspondences of the reference images, we obtain

a set of 2D-3D matches from which camera localization is

obtained by solving a PnP problem using RANSAC.

Our method is carefully designed to tackle open chal-

lenges of visual localization, it has several advantages, and

few limitations with respect to the state of the art. First,

reasoning in 2D allows to train the model from few training

data: we can artificially generate a rich set of viewpoints

for each object with homography data augmentation and we

can achieve robustness to lighting changes with color jitter-

ing. Second, our method can handle dynamic scenes as long

as the OOIs remain static. For instance, one can accurately

estimate the pose in a museum with visitors present, even if

training data does not contain any humans. Third, if some

OOIs are moved, we do not need to retrain the whole net-

work as pose and scene regression-based approaches would

require, but we only need to update the 2D-3D mapping of

the reference images. Fourth, our method focuses on dis-

criminative objects and thus avoids ambiguous textureless

areas. Fifth, our method can scale up to large areas and high

numbers of OOIs as object detectors can segment thousands

of categories [13]. One clear limitation of our method is that

query images without any OOI cannot be localized. How-

ever, in many applications such as AR navigation, OOIs are

present most of the time and local pose tracking (e.g. visual-

inertial odometry [1]) can be used in-between. OOI detec-

tion is interesting by itself in such an application, e.g. to

display metadata on paintings in a museum or on shops in

malls and airports. Furthermore, in a complex real-world

application, OOIs can be used to more easily guide the user

to localize successfully. Commands such as ‘Take a picture

of the closest painting’ might be easier to understand than

‘Take a picture with sufficient visual information’.

In this paper, we restrict OOIs to planar objects which

are common in real-world applications: paintings, posters,

store fronts or logos are frequent in environments where lo-

calization is challenging such as shopping malls, airports

or museums. While the method can be generalized to non-

planar objects, considering planar OOIs has several advan-

tages, in addition to homography data augmentation. First,

the transformation between any instance of the OOI in a

training image and its reference image is a homography,

thus allowing to easily propagate dense sets of matches us-

ing a few correspondences only. Second, the mapping be-

tween 2D pixels in the reference image and 3D world coor-

dinates can be built from a small set of images since planes

can be robustly reconstructed in 3D. Finally, planar OOIs

allow us to reason in 2D, removing one degree of freedom

compared to 3D coordinate regression. Additionally, we

show that our method can be used with a minimal amount

of manual annotations, being one instance segmentation for

each (planar) OOI in any training image.

We demonstrate the strength of our approach on two

challenging datasets. The first one is a newly intro-

duced synthetic dataset, VirtualGallery, which represents

an art gallery. The second one is the Baidu localization

dataset [33] captured in a shopping mall with only a few

viewpoints at training and some changes in the scenes at

testing, showing the applicability of our approach in com-

plex real-world environments. While our method is accu-

rate on VirtualGallery (even with different lighting condi-

tions and occlusions) achieving a median error of less than

3cm and 0.5°, it also scales up to larger environment such

as the Baidu localization dataset. In contrast, deep state-of-

the-art regression-based approaches fail in such scenarios.
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2. Related Work

Most methods for visual localization can be categorized

into four types of approaches: structure-based methods, im-

age retrieval-based methods, pose regression-based meth-

ods and coordinate regression-based methods.

Structure-based methods [17, 18, 24, 26, 27, 34] use de-

scriptor matching (e.g. SIFT [21]) between 3D points of the

map associated with local descriptors and keypoint descrip-

tors in the query image. However, these point features are

not able to create a representation which is sufficiently ro-

bust to challenging real-world scenarios such as different

weather, lighting or environmental conditions. Addition-

ally, they lack the ability to capture global context and re-

quire robust aggregation of hundreds of points in order to

form a consensus to predict a pose [41].

Image retrieval-based methods [10, 29, 35, 36, 37] match

the query image with the images of the map using global de-

scriptors or visual words to obtain the image location from

the top retrieved images. The retrieved locations can fur-

ther be used to either limit the search range within large

maps of structure-based approaches [5, 28], or to directly

compute the pose between retrieved and query images [42].

These methods allow to speed-up search in large environ-

ments, but share similar drawbacks when using structure-

based methods for accurate pose computation. InLoc [35]

shows recent advances in image retrieval-based methods

leveraging dense information. It uses deep features to first

retrieve the most similar images, and then to estimate the

camera pose within the map. A drawback is the heavy pro-

cessing load and the need of accurate dense 3D models.

Pose regression-based methods [4, 16, 39] were the first

deep learning approaches trained end-to-end for visual lo-

calization. They proceed by directly regressing the 6-DoF

camera pose from the query image using a CNN, follow-

ing the seminal PoseNet approach [16]. The method has

been extended in several ways, by leveraging video infor-

mation [7], recurrent neural networks [39], hourglass archi-

tecture [23] or a Bayesian CNN to determine the uncertainty

of the localization [14]. More recently, Kendall et al. [15]

replace the naive L2 loss function by a novel loss that relies

on scene geometry and reprojection error. Brahmbhatt et

al. [4] additionally leverage the relative pose between pairs

of images at training. Overall, pose regression-based meth-

ods have shown robustness to many challenges but remain

limited both in accuracy and scale.

Scene coordinate regression-based methods [2, 32, 38]

proceed by regressing dense 3D coordinates and estimat-

ing the pose using a PnP solver with RANSAC. While ran-

dom forests were used in the past [32, 38], Brachmann et

al. [2] recently obtain an extremely accurate pose estima-

tion by training a CNN to densely regress 3D coordinates.

They additionally introduce a differentiable approximation

of RANSAC, called DSAC, allowing end-to-end training

for visual localization at the cost of multi-step training, with

depth data required for the first step. DSAC++ [3] is an

improvement of the method where real depth data is not

mandatory and can be replaced by a depth prior. The net-

work is still trained in multiple steps: first based on depth

data or the prior; second, based on minimization of the re-

projection error; and finally based on camera localization

error using the DSAC module. DSAC++ obtains outstand-

ing performance on datasets of relatively small scale with

constant lighting conditions and little dynamics. However,

the method does not converge for larger scenes. In contrast,

our method is built upon an object detection pipeline, which

scales to large environments. Compared to DSAC++, since

we consider planar objects, we can regress 2D matches in-

stead of 3D coordinates, which removes one degree of free-

dom, and allows homography data augmentation.

3. Visual Localization Pipeline

In this section, we first present an overview of our ap-

proach in Section 3.1. Next, we introduce details about our

CNN model for segmenting OOIs and dense matching (Sec-

tion 3.2). Finally, Section 3.3 explains how SfM maps can

be leveraged to train our approach from weak supervision.

3.1. Visual localization from detected OOIs

Let O be the set of OOIs, and |O| the number of OOI

classes. Our method relies on reference images: each OOI

o ∈ O is associated with a canonical view, i.e., an image

Io where o is fully visible. We assume for now that each

OOI is unique in the environment and that the mapping Mo

between 2D pixels p′ in the reference image and the corre-

sponding 3D points in the world Mo(p
′) is known.

Given a query image, our CNN outputs a list of detec-

tions. Each detection consists of (a) a bounding box with a

class label o, i.e., the id of the detected OOI, and a con-

fidence score, (b) a segmentation mask, and (c) a set of

2D-2D matches {q → q
′} between pixels q in the query

image and pixels q′ in the reference image Io of the object-

of-interest o, see Figure 1. By transitivity, we apply the

mapping Mo to the matched pixels in the reference image

and obtain for each detection a list of matches between 2D

pixels in the query image and 3D points in the world coor-

dinates: {q → Mo(q
′)}.

Given the list of 2D-3D matches for all detections in the

query image and the intrinsic camera parameters, we esti-

mate the 6-DoF camera pose by solving a Perspective-n-

Point problem using RANSAC.

Note that if there is no detection in a query image, we

do not have matches and, thus, we are not able to perform

localization. However, in venues such as museums or air-

ports, OOIs can be found in most of the images. Moreover,

in real-world applications, localization is used in conjunc-
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Figure 2. Overview of the network architecture to detect and seg-

ment OOIs as well as to obtain dense matches with respect to the

reference images.

tion with local pose tracking and, thus, precision of the sys-

tem is more important than coverage.

In summary, the only components learned in our ap-

proach are detection and dense matching between a query

image and the reference images of the OOIs.

Handling non-unique OOIs. So far, we assumed that each

OOI is unique, i.e., it appears only once in the environment.

While most OOIs are highly discriminative, some of them

can have multiple instances in an environment, e.g. logos in

a shopping mall. In this case, as a detector cannot differ-

entiate them, we aggregate the same OOIs in a single class

and train the model with a common reference image. The

mapping Mo is not unique anymore since there exist multi-

ple 3D coordinate candidates for the same reference image,

i.e., one per instance present in the environment. Given that

in practice we have a limited number of duplicates per OOI

and a limited number of detections per image, we solve the

PnP problem for the best combination of possible coordi-

nates using geometric plausibility checks. In detail, we min-

imize the sum of reprojection errors of the OOI 3D center

points in the query image. Ideally, the 3D center point lies

in the middle of the segmented detection. We ignore noise

due to incomplete detections of OOIs.

3.2. Detecting OOIs and matching to references

We follow DensePose [9], an extension of Mask R-

CNN [11], designed for finding dense correspondences be-

tween any point on a human body and the corresponding

point on the surface mesh. For each box generated by the

region proposal networks (RPN) [25], C-dimensional con-

volutional features are estimated with a fixed resolution of

14 × 14 using the RoIAlign layer. The Feature Pyramid

Networks (FPN) improvement [19] is used to better handle

small objects. Box features are fed to two branches. One of

them is designed to predict the class score (human vs. non-

human in their case) and to perform class-specific box co-

ordinate regression, following Faster R-CNN design [25].

The other branch, which is fully-convolutional, predicts a

per-pixel human body part label and per-pixel correspon-

dences (i.e., two coordinates) with the corresponding mesh

surface. In practice, the CNN predicts segmentation and

correspondences on a dense grid of size 56×56 in each box

which is then interpolated to obtain a per-pixel prediction.

In our case, given the box features after RoIAlign, we

use a similar CNN model as DensePose, see Figure 2. One

branch predicts OOI scores and regresses bounding boxes,

the only difference being that we have |O| + 1 classes (in-

cluding the background class) instead of 2. The second

branch predicts different tasks: (a) binary segmentation for

each OOI, (b) OOI-specific u and v reference image coor-

dinate regression. At training time several losses are com-

bined. In addition to the FPN loss for box proposals, we

use the cross-entropy loss for box classification. For the

ground-truth class we use a smooth-L1 loss on its box re-

gressor, the cross-entropy loss for the 56 × 56 mask pre-

dictor, and smooth-L1 losses for the u− and v−regressors.

Training requires a ground-truth mask and matches for ev-

ery pixel. In Section 3.3, we explain how such annotations

can be automatically obtained from minimal annotation. At

test time, we keep the box detections with classification

score above 0.5 and keep the matches for the points within

the segmentation mask.

Implementation details. We use FPN [19] with both

ResNet50 [12] and ResNeXt101-32x8d [40] backbones.

The branch that predicts segmentation and match regres-

sion follows the Mask R-CNN architecture: it consists of 8

convolutions and ReLU layers before a final convolutional

layer of each task. We train the network for 500k iterations,

starting with a learning rate of 0.00125 on 1 GPU and di-

viding it by 10 after 300k and 420k iterations. We use SGD

as optimizer with a momentum of 0.9 and a weight decay

of 0.0001. To make all regressors proceeding at the same

scale, we normalize the reference coordinates in [0, 1].

Data augmentation. As our CNN regresses matches only

in 2D, we apply homography data augmentation on all in-

put images. To generate plausible viewpoints, we compute

a random displacement limited by 33% of the image size for

each of the 4 corners and fit the corresponding homography.

We do not use flip data augmentation as OOIs (logos, paint-

ings, posters) are left-right ordered. We study the impact

of using color jittering (brightness, contrast, saturation) for

robustness against changing lighting conditions in our ex-

periments (Section 5).

3.3. Weakly-supervised OOI annotation

Key of our approach is the minimal amount of man-

ual annotations required, thanks to a propagation algo-

rithm that leverages a SfM reconstruction obtained with

COLMAP [30]. The only annotation to provide is one seg-

mentation mask for each planar OOI, see the blue mask in

the middle of Figure 3. The reference image for this OOI is

defined by the annotated mask.

Using the set of 2D to 3D matches from SfM, we la-

bel 3D points that match with 2D pixels in the annotated

OOI segmentation, see blue lines and dots in Figure 3. We
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Figure 3. The bounding box of the manual mask annotation in

blue (middle frame) defines the reference image for the OOI. We

propagate the OOI to the other training images (green mask in the

left image) using the 3D positions of keypoints within the annota-

tion (blue mask). Propagation may fail if not enough matches are

present (right image).

propagate the label to all training images which contain ob-

servations of these 3D points. If there are at least 4 matches

in an image, we can fit a homography given that the OOI o

is planar. For more robustness to noise, we only consider

regions with a minimum of 7 matches and use RANSAC-

based homography estimation. This homography is used to

propagate the mask annotation as well as the dense 2D-2D

matches, see the green mask on the left image of Figure 3.

Either due to a low number of matches leading to missing

propagation, see right image in Figure 3, or because of noisy

matches in the SfM model, the propagation is not always

successful. Fortunately, the CNN model is, to some extent,

robust against noisy or missing labels.

Handling non-unique OOIs. For non-unique OOIs, such

as a logo appearing multiple times in a shopping mall, we

annotate one segmentation mask for each instance of the

OOI and we apply our propagation method on each instance

independently. As mentioned above, it would be impossi-

ble for any detector to differentiate between the different

instances. Thus, we merge them into a single OOI class and

compute a homography between the reference images of

the different instances and the dedicated main reference im-

age using SIFT descriptor [21] matches. As main reference

for the class (OOI), we select the reference image with the

highest number of 3D matches. Since the regressed 2D-2D

matches correspond to the main class, we additionally ap-

ply a perspective transform using the computed intra-class

homographies, see Section 3.1.

4. Datasets

The VirtualGallery dataset. We introduce a new synthetic

dataset to study the applicability of our approach and to fur-

thermore measure the impact of varying lighting conditions

and occlusions on different localization methods. It con-

sists of a scene containing 3-4 rooms, see Figure 4 (left),

in which 42 free-of-use famous paintings1 are placed on the

1https://images.nga.gov/











Figure 4. Left: floorplan of the art gallery with the different train-

ing loops. Right: a training loop with the 6 cameras at a fixed

height (cyan) and test cameras at different plausible places.

Figure 5. Test samples from VirtualGallery. First row: test images

with various viewpoints. Second and third rows: different lighting

conditions. Fourth row: different human densities (occlusions).

walls. The scene was created with the Unity software, al-

lowing to extract ground-truth information such as depth,

semantic and instance segmentations, 2D-2D and 2D-3D

correspondences, together with the rendered images.

We consider a realistic scenario that simulates the scene

captured by a robot for training and photos taken by visi-

tors for testing. The camera setup consists of 6 cameras in

a 360° configuration at a fixed height of 165cm, see Fig-

ure 4 (right). The robot follows 5 different loops inside the

gallery with pictures taken roughly every 20cm, resulting in

about 250 images for each camera, see Figure 4 (left).

At test time, we sample random positions, orientations

and focal lengths, ensuring that viewpoints (a) are plausible

and realistic (in terms of orientation, height and distance to

the wall), and (b) span the entire scene. This covers the

additional challenges of viewpoint changes and varying in-

trinsic camera parameters between training and test images.

To study robustness to lighting conditions, we gener-

ate the scene using 6 different lighting configurations with

significant variations between them, both at training and

test time, see second and third rows of Figure 5. To

evaluate robustness to occluders such as visitors, we gen-

erate test images which contain randomly placed human

body models, see last row of Figure 5. The test set con-
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Figure 6. Examples of training images from the Baidu localization

dataset with propagated mask annotations.

sists of 496 images that are rendered for each of the 6

lighting conditions and for 4 different densities of humans

present in the scene (including the empty case). The dataset

can be found at http://www.europe.naverlabs.com/

Research/3D-Vision/Virtual-Gallery-Dataset.

Objects-of-Interest. We use each painting as an object-of-

interest, each one being unique in the scene. We use the

original image downloaded from the website as reference

image. We obtain ground-truth segmentation masks and

2D-2D correspondences for each image using Unity. We

also get the position and size where the painting is placed

in the scene, thus providing the 2D-3D mapping functions.

Note that, among the test images, 5 out of 496 do not con-

tain any OOI, and 23 (respectively 48) additional ones have

no OOI visible by more than 50% (respectively 80%).

The Baidu localization dataset [33]. It consists of images

captured in a Chinese shopping mall covering many chal-

lenges for visual localization such as reflective and trans-

parent surfaces, moving people and repetitive structures. It

contains 689 images captured with DSLR cameras as train-

ing set and over 2000 cell phone photos taken by different

users a few months later as test set. The test images contain

significant viewpoint changes compared to the training im-

ages that are all taken parallel or perpendicular with respect

to the main corridor. All images were semi-automatically

registered to the coordinate system defined by a LIDAR

scanner. We use the provided camera poses, both for train-

ing (3D reconstruction of the OOIs and annotation propa-

gation) and testing (ground-truth evaluation of the results).

We did not use the LIDAR data, even if it would potentially

improve the 3D reconstruction quality of our OOIs.

Objects-of-Interest. We manually annotated one segmenta-

tion mask for 220 instances from 164 classes representing

different types of planar objects such as logos or posters

on storefronts. We then propagated these annotations to all

training images, see Section 3.3. This real-world dataset

is more challenging than VirtualGallery, thus, some OOI

propagations are noisy. Figure 6 shows examples of train-

ing images with masks around the OOIs after propagation.

5. Experimental results

We evaluate our approach on VirtualGallery (Sec-

tion 5.1) and on the Baidu localization dataset (Section 5.2).

5.1. Experiments on VirtualGallery

We use different train/test scenarios to evaluate some

variants of our method and to study the robustness of state-

of-the-art approaches to lighting conditions and occlusions.

In the experiments below, we use the ground-truth corre-

spondences obtained from Unity. We experimented with

manual annotations and obtained similar performance.

Impact of data augmentation. We first study the impact

of homography data augmentation at training. We train

models with ResNet50 (resp. ResNext101) backbone on the

first loop of the standard lighting condition, and report the

percentages of successfully localized images with the stan-

dard lighting condition and no humans in Figure 7 (plain

blue and dotted blue, resp. black, curves). Homography

data augmentation significantly improves the performance,

specifically for highly accurate localization: the ratio of lo-

calized images within 5cm and 5° increases from 25% to

69% with ResNet50 backbone. The impact is less signif-

icant at higher error thresholds with an improvement from

72% to 88% at 25cm and 5°. Homography data augmen-

tation at training allows to generate more viewpoints of the

OOIs and, thus, to better detect and match OOIs captured

from unknown viewpoints at test time.

Impact of regressing dense 2D-2D matches. We now

compare our approach that relies on 2D-2D dense corre-

spondences to a few variants. First, we directly regress

the 8-DoF homography parameters (OOIs-homog) between

the detected OOI and its reference image and generate the

dense set of 2D-2D matches afterwards. Second, we di-

rectly regress 3D world coordinates for each OOI instance

(OOIs-2D-3D) without using the reference image. Perfor-

mances with the same train/test protocol as above are re-

ported in Figure 7. Regressing the 8 parameters of the

homography leads to a drop of performance, only 70% of

the images could be successfully localized within 25cm and

5°. CNNs have difficulties regressing parameters of trans-

formations where small differences can lead to significant

changes of the result. The 3D variant performs reason-

ably well, with roughly 70% of images localized within

10cm and 5°, and 81% within 25cm and 5°. However, our

method with 2D reference images outperforms the 3D vari-

ant, specifically for low position error thresholds. Our 2D

reference images ensure that all 3D points are on the planar

object, while the 3D variant adds one extra and unneces-

sary degree of freedom. We finally replace the ResNet50

backbone by ResNeXt101-32x8d and obtain a more pre-

cise localization at low thresholds (8% additional images

are localized within 5cm and 5°); the difference becomes

marginal at higher thresholds.

Comparison to the state of the art. We now compare our

approach to a SfM method (COLMAP [30, 31]), PoseNet

with geometric loss [15], and DSAC++ trained with a 3D

model [3]. All methods are trained on all loops from all
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Figure 7. Percentages of localized images on the VirtualGallery test set with the standard lighting condition without humans for varying

position error thresholds and a fixed orientation error threshold of 5°. Left: comparison between variants of our approach trained on the

first loop of the standard lighting condition. Middle and Right: robustness to a lower amount of training data (from the standard lighting

condition) for our approach (Middle) and DSAC++ (Right).

Figure 8. Robustness to lighting conditions and occlusions with the percentages of localized images on VirtualGallery test set for varying

position error threshold and a fixed 5° orientation error threshold. Left: training on the standard lighting condition, testing on all lighting

conditions without human (+c indicates training with color jittering). Middle: training on all lighting conditions (except COLMAP), testing

on all lighting conditions without humans. Right: training on all lighting conditions (except COLMAP), testing on all lighting conditions

with all human occlusion levels.

lighting conditions and tested on all lighting conditions

without human occlusion, except COLMAP which is only

trained using the standard lighting. The percentages of suc-

cessfully localized images at a given error threshold are re-

ported in Figure 8 (middle). The performance of PoseNet

with geometric loss [15] is quite low because the training

data does not contain enough variation: all images are cap-

tured at the same height, with 0° roll and pitch. Conse-

quently, it learns this training data bias which is not valid

anymore on the test data. COLMAP performs best with

about 95% of the images localized within 10cm and 5°.

DSAC++ localizes 75% of images within 5cm and 5°. Our

approach performs similarly at low thresholds achieving

about the same percentage of images successfully localized

within 5cm and 5°. At higher thresholds, our method satu-

rates earlier (around 88% with ResNeXt101 backbone) than

DSAC++. We find that our approach fails to detect OOIs in

cases where they are poorly visible (see top right example of

Figure 5), thus we cannot localize such images. In contrast,

DSAC++ can better handle this case as it relies not only

on the OOIs but on the entire image. Overall, our method

still computes highly accurate localization in standard cases

where at least one OOI is present. We achieve a median er-

ror of less than 3cm, which is slightly lower than DSAC++.

Impact of the quantity of training data. Figure 7 (mid-

dle) shows the performance of our method when reducing

the amount of training data. The percentages of localized

images is roughly constant, even when training on only 1

image out of 15 (7%) of the first loop. In contrast, DSAC++,

see Figure 7 (right), shows a larger drop of performance

when training on a few images, highlighting the robustness

of our approach to a small amount of training data. We did

not observe significant difference with COLMAP, as two

views of each point are sufficient to build the map of this

comparably easy dataset for structure-based methods.

Robustness to lighting conditions. To study the robustness

to different lighting conditions, we compare the average

performance over the test sets with all lighting conditions

without human, when training on all loops of the standard

lighting condition only, see Figure 8 (left) vs. training on all

loops and all lighting conditions, see Figure 8 (middle).

The performance of PoseNet drops by about 10% at 1m

and 5° when training on only one lighting condition, despite

color jittering at training. The performance of COLMAP

stays constant even if we train using the standard lighting

condition only (SfM does not work well with multiple im-

ages from identical poses, as in our training data with dif-

ferent lighting conditions). The high quality images and the

unique patterns are easy to handle for illumination invari-

ant SIFT descriptors. The performance of DSAC++ without

any color data augmentation drops significantly when train-

ing on one lighting condition; in detail, by a factor of around
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Figure 9. Left: input images with overlaid detections of masks.

Right: for each detected class, we warp the reference image ac-

cording to the homography fitted from the regressed matches.

6, which is the number of different lighting conditions. This

means that only the images with the same lighting as train-

ing are localized, but almost none of the others. However,

when adding color jittering to DSAC++ at training, the per-

formance slightly increases.

The performance of our method (plain blue curve, on the

left plot) is significantly higher than DSAC++ and PoseNet

when training on one lighting condition, with about 30%

of the images localized with an error below 25cm and 5°,

showing that we overfit less on the training lighting condi-

tion. We also try to incorporate color jittering at training

(dotted blue curve on the left plot) and obtain a significant

increase of performance, achieving almost 85% of localized

images with an error below 25cm and 5°. This performance

is pretty close to the one obtained when training on all light-

ing conditions (middle plot), which can be considered as an

upper bound of achievable results. In practice, this means

that for real-world applications our method can be used even

if only one lighting condition is present in the training data.

Robustness to occlusions. To study robustness to occlu-

sions, we compare the performance of all methods when

training on all loops and all lighting conditions, and testing

on (a) all lighting conditions without visitors, see Figure 8

(middle), and (b) all lighting conditions and various visitor

densities, see Figure 8 (right). All methods show a slight

drop of performance. For our approach, the decrease of

performance mostly comes from images where (a) only one

painting is present and (b) the OOI is mostly occluded. This

causes the OOI detection to fail. In most cases however,

our approach is robust despite not having seen any human

at training. Figure 9 shows examples of instance segmenta-

tion (left) in presence of humans. To visualize the quality of

the matches, we fitted homographies between the test image

and the reference images and warped the reference images

onto the query image plane. We observe that the masks and

the matches remain accurate.

Figure 10. Percentages of localized images on the Baidu localiza-

tion dataset for varying position error thresholds and an orientation

error threshold of 5° for pos. error below 1m, 10° for pos. error be-

tween 1m and 2.5m, and 20° for pos. error above 2.5m.

5.2. Experiments on the Baidu localization dataset

Figure 10 presents results on the Baidu localization

dataset [33]. This benchmark represents a realistic sce-

nario which makes it extremely challenging: (a) the training

data is limited to 689 images, captured in a mall of around

240m, (b) training and test images have different cameras

and viewpoints, and (c) the environment has some changes

in terms of lighting conditions and dynamic objects. Deep

state-of-the-art approaches perform poorly, with less than

2% of images localized within 2m and 10°. COLMAP is

able to localize more images, with about 45% at 1m and

5° and 58% at 5m and 20°. Our method is the first deep

regression-based method able to compete with structured-

based methods on this dataset. We successfully localize

about 25% of the images within 1m and 10° and almost

40% within 5m and 20°. To further increase accuracy, we

ran a non-linear least square optimization (sparse bundle ad-

justment [20]) as post processing (grey curve) obtaining a

performance increase of about 2%. Figure 10 again high-

lights the benefit of homography data augmentation at train-

ing (plain vs. dotted blue curves). We are not able to localize

about 10% of the query images where no OOI is detected.

6. Conclusion

We proposed a novel approach for visual localization

that relies on densely matching a set of Objects-of-Interest.

It is the first deep regression-based localization method that

scales to large environments like the one of the Baidu local-

ization dataset. Furthermore, our approach achieves high

accuracy on smaller datasets like the newly introduced Vir-

tualGallery. Since our method relies on OOIs, localization

is only possible in the presence of OOIs. This putative

drawback is a core characteristic of our approach because

it enables the use of visual localization in fast changing and

dynamic environments. For this to be true we assume that in

such a situation at least the selected OOIs remain stable or

can be tracked when being moved or changed. The learning

component of our approach allows to increase robustness

against changing lighting conditions and viewpoint varia-

tions. Future work include automatic mining of OOIs as

well as generalizing to non-planar OOIs.
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通过回归感兴趣物体的稠密匹配进行视觉定位
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摘要

我们将介绍一个新方法，用于使用仅仅一张 RGB
图像进行视觉定位，这种方法依赖于稠密匹配一组感兴

趣物体（Objects-of-Interest，下称 OOI）。在本文中，我
们关注的是在环境中具有高度描述性的平面物体，例

如说博物馆中的绘画及商场或者机场中的标志和店面。

对于每一个OOI，我们定义了一张可得到三维世界坐标
的参考图像。对于检索图像，我们的 CNN模型先检测，
分割 OOI并找到一组在检测出的 OOI和它对应的参考
图像的 2D-2D的密集匹配。从这些 2D-2D的匹配，以
及每个参考图像的三维世界坐标，我们得到了一组可

通过求解多点透视问题（Perspective-n-Point）获得位姿
估计的 2D-3D的匹配。利用运动恢复结构（Structure-
from-Motion）从每个 OOI的单个实例标注可以获得这
些关于参考图像的 2D-3D 匹配，和所有 OOI 的标注。
我们引进了一个新的综合数据集——“VirtualGallery”，
它面向不同光照条件及不同的遮挡水平下的挑战。我

们的结果表明我们的方法取得了很高的精确度，而且

对于上述的挑战也足够鲁棒。同时，我们也在购物中心

采集的百度定位数据集进行了实验。我们的方法是第

一个可以扩展到如此大环境的，基于深度回归的方法。

1.引言

视觉定位在于从一个给定的空间或称为地图，获

得一张 RGB图像来估计一个六自由度的相机位姿。如
果没有其他可行的定位技术的情形，例如室内定位等

强拒止（GPS-denied）环境，这是一个特别有价值的定
位技术。视觉定位有趣的应用包括机器人导航 [8]，自

动驾驶以及增强现实（augmented reality，AR）[6, 22]。
主要的挑战包括在检索图片和训练图片中大的视角的

变化、不完整的地图、缺少有用信息的区域（例如无纹

理的表面）、对称和重复的元素、变化的光照条件、结

构变化、动态对象（例如人）及大面积的尺度变化。

传统的基于结构的方法 [17,18,24,26,27,34]在检索
图片和地图间进行特征匹配，来应对很多提及的挑战。

然而，就处理时间和内存开销而言，大面积进行不同视

角及不同场景下的特征匹配是不可行的。为了克服这

些问题，可以使用图像检索来加速大规模定位的匹配问

题。[10,29,35]最近，基于深度学习的方法 [2,16]显示出
了很有希望的结果。PoseNet [16]及其改进 [4, 7, 15, 39]
通过直接从输入图像回归相机位姿。即使可以获得粗

略估计，学习精确定位似乎过于困难，或者需要大量

的训练数据来覆盖包括相机外参和相机内参的多样性。

更有趣的是，Brachmann 等人 [2, 3]，提出通过学习稠
密三维坐标回归来解决多点透视问题（PnP）问题以进
行精确的位姿估计。由于 RANSAC存在一个可微分的
近似公式 DSAC，这样的 CNN模型得以被端到端的训
练。这种基于场景坐标回归的方法在静态环境中，例如

对象、遮挡和光照条件没有变化的环境，展现了出色的

性能。然而，这些方法在场景规模上受限。

上述关于视觉定位的挑战在规模非常大且动态的

场景下变得更加关键。在这种场景下，诸如静态且不变

的场景等基本假设会被违背，且连续重新训练模型具

有挑战性的同时，地图也会更快失效。这促使我们设

计了一种灵感来自实例分割 [11]的算法，该算法依赖
于稳定的预定义区域，能在相当动态的场景中平衡精

确定位与长期稳定性之间的冲突。我们提出了一种新

4321



图 1.以下是我们的流程概述。对给定检索图像，我们首先使用 CNN模型进行检测和分割预定义的感兴趣物体。紧接着，通过
回归得到与他们参考图像（彩色点）的稠密匹配。这些参考图像包含稠密的 2D像素到 3D坐标的映射。因此，我们可以利用传
递性获得 2D-3D匹配并解决多点透视问题来获得相机位姿。

颖的基于深度学习的视觉定位方法，这种方法通过在

检索图片中的一些 OOI和 OOI相应的参考图像之间找
到一组稠密匹配来进行，即一个物体的规范视角可以

获得一组 2D-3D对应关系。我们将 OOI定义为 3D地
图内的，可以从多个视点，部分遮挡以及在各种照明

条件下可靠地检测的有区分度的区域。图1展示了我们
流程的概述。我们的模型依赖于 DensePose [9]，这是
Mask R-CNN [11]的最新扩展，不仅可以检测和分割人
类，还可以回归出图像中像素和网格曲面之间的稠密

匹配。在我们的例子中，我们使用它（i）来检测和分
割 OOIs，以及（ii）在检测到的 OOI和它们的参考图
像之间获得一组稠密的 2D-2D匹配。从这些匹配以及
与参考图像的 2D-3D对应关系中，我们可以获得一组
2D-3D匹配，并中通过使用 RANSAC算法解决多点透
视问题获得相机定位。

我们的方法经过精心设计，以应对视觉定位的公开

挑战，它具有如下几个优点，而且几乎可以称得上是最

先进的方法。第一，在 2D进行推理可以使用少量数据
来训练模型：我们可以通过基于单应矩阵的数据增强

手工地为每个对象生成众多的视角，同时，我们可以通

过颜色抖动增强对光照变化的鲁棒性。第二，只要 OOI
保持静止，我们的方法就可以处理动态场景。例如，即

使训练数据不包含任何人，也可以准确地估计出充满游

客的博物馆中的相机位姿。第三，如果移动一些 OOI，
相比基于位姿和场景回归的方法，我们不需要重新训

练整个网络，我们只需要更新参考图像的 2D-3D映射。

第四，我们的方法着重于判别对象，（相比于基于结构

的方法）避免了无纹理区域带来的影响。第五，因为目

标探测器可以分割出数千个类别 [13]，所以我们的方法
可以应用到更大的定位区域和更多的 OOI。但是，我们
方法的一个明显缺陷在于在检索图像不含任何 OOI时，
定位将会失效。然而，在诸如 AR导航的许多应用中，
在大多数时间里视野里都存在 OOI，而且在其中可使
用局部姿态跟踪（例如，视觉里程计 [1]）OOI检测本
身在这样的应用中是很有意思的，例如，其可用于在博

物馆或购物中心和机场里的的商店中诠释绘画。此外，

在复杂的实际应用程序中，OOI 可用于更轻松地引导
实际用户进行定位。诸如“拍摄最近画的照片”之类的

命令可能比“拍摄具有足够视觉信息的照片”更容易让

用户理解。

在本文中，我们将 OOI限制在实际应用中常见平
面物体：例如绘画，海报，店面或徽标，这些在定位在

例如购物中心，机场或博物馆等具有挑战性的环境中经

常出现。虽然该方法可以推广到非平面物体，但是平面

OOI除了在基于单应矩阵的数据增强有优势之外，还具
有以下几个优点。首先，训练图像中的 OOI实例与其
参考图像之间的变换是单应的，因此只需要很少的对

应关系就能得到稠密的匹配。其次，参考图像的 2D像
素与 3D世界坐标之间的映射可以从少量的图像获得，
因为可以在 3D中鲁棒地重建平面。最后，平面 OOI能
让我们在 2D中推理，与直接在 3D坐标上进行回归相
比，减少了一个自由度。此外，我们的方法可以仅仅使

4322



用像是在任意训练图片中的一个对于（平面）OOI的实
例分割那样的少量人工标注。

我们在两个富有挑战性的数据集上了验证了我们

方法的优势。第一个是新引入的合成数据集 Virtual-
Gallery，它代表了在艺术画廊下的场景。第二个是在购
物中心采集的百度定位数据集 [33]，我们在训练模型时
只有很少的视角，但是在测试时对场景增加一定改动。

这展现了我们的方法对复杂的现实环境的适应性。虽

然我们的方法在 VirtualGallery上是准确的（即使在不
同的光照条件和遮挡），实现了小于 3cm和 0.5°的中
误差，它也可以扩展到更大的环境，例如百度定位数据

集。相比之下，最好的基于深度学习回归的方法在这种

情况下失效了。

2.相关工作

大多数视觉定位方法可以分为四种类型的方法：基

于结构的方法，基于图像检索的方法，基于相机位姿回

归的方法和基于坐标回归的方法

基于结构的方法 [17, 18, 24, 26, 27, 34] 在与局部特
征点相关联的 3维点地图和检索图像中的描述符使用
描述符进行匹配（例如 SIFT [21]）。然而，这些点特征
不能足够鲁棒地应对诸如不同天气，照明或环境条件

的场景带来的挑战。此外，这种方法缺乏获得全局上下

文的能力，而且需要鲁棒地获得数百个点的以用于预

测位姿 [41]。
基于图像检索的方法 [10, 29, 35–37]使用全局描述

符或视觉词将检索图像与地图的图像进行匹配，用于

自顶向下检索图像以进行定位。检索到的位置可以进

一步用于限制基于结构的方法的搜索范围 [5,28]，或者
直接用于计算检索图像和检索图像之间的位姿 [42]。这
些方法可以在大型环境中加速搜索，但在使用基于结

构的方法进行精确的位姿计算时具有与基于结构的方

法类似的缺点。InLoc [35]代表了利用稠密信息的基于
图像检索的方法的最新进展。它首先使用深度特征来

检索最相似的图像，然后估计在地图中相机的位姿。但

是它的缺点是巨大的计算负担以及需要精确的稠密 3D
模型。

基于位姿回归的方法 [4, 16, 39]是第一批针对视觉
定位进行端到端训练的深度学习方法。他们追随开创

性的 PoseNet [16]方法，使用 CNN直接从检索图像中
回归 6自由度的相机位姿。这种方法在很多方面进行

了衍生，比如使用视频信息 [7]，递归神经网络 [39]，
沙漏结构 [23] 及贝叶斯 CNN，以减少定位的不确定
度 [14]。最近，Kendall等 [15]又将原始的 L2损失函数
替换成一个依赖场景几何和重投影误差的新型损失函

数。Brahmbhatt [4]等利用训练时图像之间的相对位姿
来提升。总体而言，基于位姿回归的方法已展现出在许

多挑战的鲁棒性，但其在准确性和规模方面仍然受到

限制。

基于场景坐标回归的方法 [2, 32, 38] 通过回归稠
密 3D坐标和使用带 RANSAC的多点透视问题求解程
序来估计位姿。虽然过去曾使用随机森林 [32, 38]，但
Brachmann等人 [2]最近通过训练 CNN来稠密回归 3D
坐标来获得极其准确的位姿估计。他们还引入了可微

分的 RANSAC近似，称为 DSAC，这允许以多步训练
为代价进行视觉定位的端到端训练，其中第一步需要

深度信息。DSAC++ [3]是对该方法的改进，其中真实
深度数据不是强制性的，可以用先验深度代替。网络仍

然经过多个步骤的训练：其中第一步是基于深度数据

或先验的深度信息;第二步基于最小化重投影误差；最
后使用 DSAC模块的基于相机定位误差。DSAC++在
恒定光照，不那么动态的相对较小规模的数据集上展

现了出色的性能。但是，这种方法在较大的场景很难收

敛。相比之下，我们的方法建立在目标检测上，可以扩

展到大型环境。与 DSAC ++相比，由于我们只考虑平
面物体，我们可以回归 2D匹配而不是 3D坐标，这消
除了一个自由度，并能进行基于单应矩阵的数据增强。

3.视觉定位流程

在本节中，我们首先在 3.1节中概述我们的方法。接
着，我们将介绍有关用于分割 OOI和稠密匹配的 CNN
模型的详细信息（第 3.2节）。最后，我们在第 3.3节解
释了如何利用 SfM在地图中弱监督地训练。

3.1.通过检测 OOI进行视觉定位

设 OOI的集合为O，OOI类别的数量为 |O|。我们
的方法依赖于参考图像：每一个 OOIo ∈ O都与一个规
范视角相关联，即一张 o ∈ O 可见的图片 Io。我们暂
时假设每一个 OOI是在场景中唯一存在的，并且参考
图像中的二维像素 p′ 和世界 Mo (p′)对应的三维点的
映射Mo是已知的。

对于给定的检索图像，我们的 CNN模型输出所有
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图 2.网络架构概述，用于检测和分割 OOI以及获取与之相关
的稠密匹配参考图像。

检测结果。每个检测结果包括一个带类别标签（即检测

到的 OOI的 id）O 的包围盒、一个置信度、一个分割

掩膜、一组检索图像像素 q和 O的参考图像 Io像素 q′

之间的 2D-2D的匹配 {q → q′}，见图1通过利用传递
性，我们将映射Mo 应用于参考图像中的匹配的像素，

并为每个检测结果进行检索图像中的 2D像素与世界坐
标中的 3D点之间的匹配：{q → Mo (q′)}。
给定在检索图像中所有检测结果的 2D-3D匹配和

相机内参，我们可以通过使用 RANSAC算法来求解一
个多点透视问题来估计相机内参。

请注意，如果在检索图像中没有任何检测结果，我

们无法获得点的匹配，而且因此我们无法进行定位。然

而，在诸如博物馆或者机场这样的公共场所中，可以在

绝大多数图像中找到 OOI。此外，在现实世界中的实际
应用里，全局定位通常会与局部位姿跟踪结合使用，因

此整体系统的精度比覆盖范围更重要。

概括起来，我们方法中需要进行学习的只有目标

检测和检索图像与参考图像之间的稠密匹配。

处理非唯一的 OOI。到目前为止，我们假设每个 OOI
都是独一无二的，即它在环境中只出现一次。虽然大多

数 OOI都是又相当多区别的，但是其中一些可以在同
一环境中具有多个实例，例如在购物中心的 logo。在
这种情况下，由于检测器无法区分他们，我们便标记同

样的 OOI为同一个类别并使用共同的参考图像来训练
模型。于是映射Mo便不再是唯一的，因为对于相同的

参考图像存在多个候选三维坐标。鉴于在实践中每个

OOI的重复次数有限，每个图像检测次数有限，于是我
们可以使用几何合理性约束来获得可能坐标的最佳组

合，从而求解多点透视问题。具体一点，我们要最小化

检索图像中 OOI的三维中心点的重投影误差之和。理
想情况下，OOI 的三维中心点位于分割后检测检测的
正中。对于 OOI的不完整检测而产生的噪音，我们选
择置之不理。

3.2.检测 OOI及匹配

我们追随DensePose [9]，一个Mask R-CNN的拓展
[11]，它被设计用于寻找人体任意点与表面网格上对应
点之间的稠密对应关系。对于区域推荐网络（RPN）[25]
生成的每个盒子，使用 ROIAlign层，生成 14× 14×C

维的特征向量。同时，我们使用特征金字塔网络的改

进 [19]来处理小的物体。盒子的特征向量会被送到两
个分支。一个分支用于获得每个类别的分数（人类的和

非人类的）及像 Faster R-CNN [25]那样回归带类别的
包围盒的坐标。另一个分支是全卷积网络，用于预测出

像素级的每部分人体的标签和与之对应的网格曲面坐

标（即，两个坐标）。在实践中，这个 CNN模型预测密
集网格上每一个大小为 56×56的框的的分割和对应关
系，然后对其进行插值以获得像素级的预测结果。

在我们的场景中，对于在 RoIAlign层后得到的框
的特征向量，我们使用一个类似DensePose结构的CNN
模型，见图 22。一个分支用于预测OOI的分数和回归包
围盒，与DensePose唯一的不同在于此处我们有 |O|+1

个类别（包括背景）而不是两类。另一个分支任务有

所不同：（a）对每一个 OOI进行二值分割，（b）回归
OOI的图像参考坐标 u和 v。在训练阶段，我们结合了

几种损失函数。在区域推荐我们使用的 FPN损失函数，
我们在图像分类时使用交叉熵损失函数。我们在回归

框时使用 smooth-L1损失函数，在预测大小为 56 × 56

的掩膜时使用交叉熵损失函数，在回归 u和 v 时使用

smooth-L1损失函数。进行训练需要标注正确的掩膜和
每个像素的匹配。在第3.3节，我们将展示如何自动化
的从少量的标注获得大量的标注。在测试时，我们保留

分类得分高于 0.5的包围盒和在分割掩膜中点的匹配。
实现细节。我们将 FPN [19] 与 ResNet50 [12] 和
ResNeXt101-32x8d [40] 主干网一起使用。预测分段和
匹配回归的分支遵循 Mask R-CNN 架构：它在每个任
务的最后一个卷积层之前由 8个卷积和 ReLU层组成。
训练网络时候，我们使用一块 GPU，进行 500k次迭代，

初始学习率为 0.00125，在 300k和 420k迭代后都将其

除以 10。我们使用 SGD优化器，动量为 0.9，权重衰减

为 0.0001。为了使所有回归量以相同的尺度进行，我们

将参考坐标标准化至 [0, 1]范围。

数据增强由于我们的 CNN仅在 2D主句中进行回归匹
配，因此我们对所有输入图像进行基于单应矩阵的数

据增强。为了生成合理的视角下的数据，我们生成 4个
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图 3.（中间框）蓝色的手动标注掩膜的包围盒确定了 OOI的
参考图像。我们利用手工标注（蓝色掩膜）内的关键点的 3D
坐标将 OOI传播到其他训练图像（左图中的绿色掩膜）。如
果没有足够的匹配（右图），这样的传播可能会失败。

限制为 33％图像尺寸的随机位移的顶点，并计算相应
的单应矩阵。我们不使用翻转进行数据增强，因为 OOI
（徽标，绘画，海报）是遵循从左到右的顺序的。我们研

究了在实验中使用颜色抖动（亮度，对比度，饱和度）

对不同光照条件下的鲁棒性的影响（见第5节）。

3.3.弱监督下 OOI的标注

我们的方法的关键是少量的手工标注，这要归功

于 COLMAP [30]，它开创地利用了传播算法进行 SfM。
要提供的唯一标注是平面 OOI的一个分割掩膜，可参
见图3中间的蓝色掩膜。这个 OOI的参考图像由带标注
的掩膜确定。

利用来自 SfM的 2D-3D的匹配，我们标注与标注
好的 OOI分割里二维点相匹配的三维点，参见图3中的
蓝线和点。我们将标签传播到包含这些观测到的三维

点的所有训练图像。假设 OOI是平面的，且图像中至
少有 4个匹配点，我们可以获得一个单应矩阵。为了更
好地抑制噪声，我们仅考虑具有最少 7个匹配的区域并
使用基于 RANSAC的单应矩阵估计。此单应矩阵用于
传播掩膜标注以及稠密的 2D-2D匹配，可参见图3左侧
的绿色掩膜。

由于匹配数量较少，可参见图3的右图，及 SfM模
型中的错误匹配，这种传播并不总是成功。幸运的是，

CNN模型在某种程度上可以抵抗嘈杂或丢失的标签。
处理不唯一的 OOI对于不唯一的 OOI，例如在商场中
多次出现的 logo，我们为 OOI的每个实例标注一个分
割掩膜，并且我们在每个实例上独立地使用传播。但如

上文所提及的，没有检测器可以区分不同的实例。因

此，我们将它们合并到一个OOI类中，并计算使用 SIFT
描述符 [21]在不同实例的参考图像和主参考图像之间

图 4. 左图：艺术画廊的平面图，带有不同的训练环路。右图：
一个训练环路，其中 6个摄像机处于固定高度（青色），测试
摄像机位于不同的合理的位置上。

图 5.来自 VirtualGallery的样本。第一行：不同视角的测试图
像。第二排和第三排：不同的光照条件。第四行：不同的人类

密度（遮挡）

的单应矩阵。其中，我们选择具有最多三维匹配的参

考图像作为一类（OOI）的主要参考图像。由于回归的
2D-2D 匹配对应于主类，我们还使用已经得到的类内
单应矩阵从回归得到的到主类的 2D-2D匹配进行透视
变换，可参见图3.1。

4.数据集

VirtualGallery数据集我们引入了一个新的合成数
据集来验证我们的方法的适用性，并更进一步观测不同

光照条件和遮挡对不同定位方法的影响。它由一个 3-4
个房间的场景组成，见图4（左），其中有 42幅免费使
用的名画 1 被挂在墙壁上。该场景通过使用 Unity创建
的，能过获得准确的信息，如深度，语义和实例分割，

2D-2D和 2D-3D匹配，以及渲染后的图像。
我们考虑一个逼真的场景，使用模拟机器人捕获

的场景进行训练，并由游客拍摄照片进行测试。机器人

在 360°的范围里设置设置 6个摄像机，且固定高度为

1https://images.nga.gov
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165cm，见图4（右）。其在画廊内根据 5个不同的环路，
大约每 20厘米拍摄一次，每个相机会采集约有 250张
图像，见图4（左）。

在测试时，我们选取随机的位置，方向和焦距，但

要确保视点（a）看起来合理且逼真（在方向，高度和
到墙的距离方面），以及（b）跨越整个场景。这涵盖了
视角变化和训练和测试图像之间不同相机内参的带来

的额外挑战。

为了研究在不同光照条件下的鲁棒性，在训练和

测试阶段，我们都使用 6种不同的照明配置生成场景，
请参见图5的第二和第三行。为了评估对诸如游客等
遮挡物的鲁棒性，我们生成包含随机放置的人体模型

的测试图像，参见图5的最后一行。测试集由 496 个
图像组成，这些图像在 6种不同照明条件，以及 4种
不同密度的人（包括没有）情况下进行了渲染。该数

据集可在 http://www.europe.naverlabs.com/Research/3D-
Vision/Virtual-Gallery-Dataset中找到。我们使用每幅画
作为一个感兴趣的对象，每一幅画在场景中都是独一

无二的。我们使用从网站下载的原始图像作为参考图

像。我们使用 Unity获得每个图像的地准确的分割掩膜
和 2D-2D的对应关系。我们还获得绘画放置在场景中
的位置和大小，从而能完成 2D-3D的映射。注意，在
测试图像中，496中的 5张不包含任何 OOI，并且有 23
张（独立的为 48张）没有 OOI可见超过 50％（独立的
为 80％）。

百度定位数据集 [33]。它由在中国的购物中心拍摄
的图片组成，涵盖了视觉定位的许多挑战，例如反射

或透明表面，移动的人和重复的结构。它将 689 张用
DSLR相机拍摄的图像作为训练集，以及超过 2000张
几个月后由不同用户拍摄的手机照片作为测试集。相

比较训练图像均相对于走廊平行或垂直拍摄，测试图

像拍摄的视角有显著的变化。所有图像都被半自动地

标注到由 LIDAR获得的坐标系。我们使用这个数据集
提供的相机位姿，以用于训练（OOI的 3D重建）和测
试（结果的真实性评估）。我们没有使用 LIDAR的数
据，即使它可能会提高我们 OOI的 3D重建质量。
感兴趣物体。我们为 164个不同类型的平面对象（例如
店面上的徽标或海报）手动标注 220 个实例的分割掩
膜。然后我们将这些标注传播到所有训练图像，可参阅

第3.3节。这个真实世界的数据集比 VirtualGallery更具
挑战性，因此一些 OOI传播是有噪声的。图6展示了在

图 6. 百度定位数据集中的使用传播的掩膜标注的训练数据
示例

传播之后具有围绕 OOI的掩膜的训练图像的示例。

5.实验结果

我们在 VirtualGallery（参见第5.1节）和百度定位
数据集（参见第5.2节）上评估我们的方法。

5.1.在 VirtualGallery上的实验结果

我们使用不同的训练/测试场景来评估我们方法的
一些变体，并研究最先进的方法对于照明变化和遮挡

的鲁棒性。在下面的实验中，我们使用从 Unity获得的
准确匹配。我们尝试了手动标注并获得了相近的性能。

数据增强对结果的影响。我们首先研究了基于单应矩阵

的数据增强对训练的影响。我们在第一个环路且标准照

明条件下，训练基于 ResNet50主干网的模型，并统计
在标准光照且没有人条件下成功定位的图片的百分比，

见图7。基于单应矩阵的数据增强显着提高了性能，特
别是对于高精度的定位：使用 ResNet50主干网时，定
位精度在 5cm 和 5° 范围内的图像比例从 25％增加到
69％。但是在较高的误差阈值下影响不大，在 25cm和
5°时比例只从 72％提高到 88％。训练时的基于单应矩
阵的数据增强能生成 OOI在更多视角下的数据，从而
能在测试时更好地检测和匹配从未知视点捕获的 OOI。
稠密 2D-2D匹配回归对结果的影响。我们现在将我们
的，依赖 2D-2D稠密匹配的方法与一些变体进行比较。
首先，我们直接回归检测到的 OOI与其参考图像之间
的 8自由度的单应矩阵参数（OOI到单应矩阵），然后
生成一组稠密的 2D-2D的匹配。然后，我们在不使用
参考图像情况下，直接回归每个 OOI实例（OOIs到 2D
到 3D）的 3D世界坐标。与上述相同的训练/测试格式
的性能在图7中展示。通过回归获得的单应矩阵的 8个
参数导致性能下降，只有 70％的图像可以在 25cm和 5°
内成功定位。当较小差异可能导致结果的显着变化的

场景下，CNN模型难以回归变换的参数。直接回归到
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图 7. VirtualGallery测试集上成功定位的图像的占比，在标准光照，没有人类，方向误差阈值固定为 5°，位置误差阈值为变量。
左图：在标准的光照，第一个环路上训练的方法之间的比较。中间和右侧：我们的方法（中间）和 DSAC++（右侧）对较少的
训练数据（标准光照下）的鲁棒性。

图 8. VirtualBallery测试集上，在不同的位置误差阈值和固定的 5°方向误差阈值设置下，定位成功的图像百分比及不同光照和
遮挡的鲁棒性。左：在标准光照，在没有人的数据中进行训练，测试所有照明条件（+c表示颜色抖动训练）。中：在所有光照
（COLMAP除外）下训练，在没有人的所有不同光照条件下测试。右：在所有光照（COLMAP除外）下训练，在有人的所有不
同光照条件下测试。

3D坐标的变体表现相当不错，大约 70％的图像定位精
度在 10cm和 5°之内，81％在 25cm和 5°之内。然而，
我们的使用 2D参考图像的方法优于这些方法，尤其是
在小位置误差阈值的设置下。我们的 2D参考图像确保
所有 3D点都在平面物体上，而这些方法增加了一个额
外且不必要的自由度。我们最终将 ResNeXt101-32x8d
替换 ResNet50主干网。这使得在低阈值时获得更精确
的定位（8％的图像定位不在 5cm和 5°内）；在较高的
阈值时，与其他方法之间的差异变得微不足道。

与最先进方法的比较。我们现在将我们的方法与 SfM方
法（COLMAP [30,31]），结合几何学损失的 PoseNet [15]
以及通过 3D模型训练的 DSAC++ [3]进行比较。所有
方法都在所有光照条件的所有循环上进行训练，并在除

了仅使用标准照明进行训练的 COLMAP，所有方法都
在没有人为遮挡的所有光照条件下进行测试。图8（中
间）展示了在给定误差阈值下能成功进行定位的图像

所占的百分比。使用几何损失的 PoseNet [15]性能非常
差，因为训练数据没有包含足够多的变化：所有图像

都在相同高度捕获，没有侧倾和俯仰。因此，它在训练

时候学习到了在测试数据无用的数据偏差。COLMAP
表现最佳，约 95％的图像定位精度在于 10cm和 5°内
75％的图像在使用 DSAC++是，定位精度在在 5cm和
5°之内。我们的方法在低阈值时，表现跟上述方法相
近。在阈值为 5cm和 5°时，大约有相同比例的图像会
被成功定位。在更高的阈值下，我们的方法比 DSAC++
更快收敛（在使用 ResNeXt101主干网时约 88％）。我
们发现我们的方法在它们看不清楚的情况下无法检测

到 OOI（参见图5的右上方示例），因此我们无法对这些
图像进行定位。相比之下，DSAC++能更好地处理这种
情况，因为它不仅依赖于 OOI，而且依赖于整幅图像。
总的来说，我们的方法在至少存在一个 OOI的情况下
能进行高精度的定位。我们的中误差小于 3cm，略低于
DSAC++。
训练数据量的影响。图7展示了减少训练数据量时我们
方法的性能。成功定位图像的百分比大致恒定，甚至在

第一个环路，在只有 1
15（约 7％）的数据中训练也是如
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此。相比之下，DSAC++，见图7，其在较少图像上进行
训练时性能下降，这体现了我们方法面对少量训练数

据时的鲁棒性。我们没有观察到与 COLMAP的显着差
异，因为使用基于结构的方法时，在这种简单的数据集

中，每个点的两个视角可以有效地构建映射。

对光照的鲁棒性。为了研究不同光照条件下的鲁棒性，

在标准光照下，见图8（左），和所有光照条件下，见图8
（中），我们在带有所有光照条件下且无人体的测试集上

比较他们的平均性能。

尽管在训练中使用了颜色抖动进行数据增强，但在

仅一种光照条件下进行训练时，PoseNet的性能在阈值
为 1m和 5°时下降了约 10％。但是当仅使用标准照明
条件进行训练，COLMAP的性能也保持基本不变（SfM
不能很好地处理来自相同位姿的多个图像，如我们在

不同光照条件下的训练数据）。对于照明不变的 SIFT
描述符，高质量图像和独特纹理是很容易进行处理的。

在仅一种光照条件下进行训练时，没有任何色彩抖动

进行数据增强的 DSAC++的性能会显着下降；准确地
说，下降为原来的六分之一，而不同照明条件的数量也

是 6。这意味着只有与训练时相同光照的图像才能被定
位，但是在其他光照条件下几乎没有图像能被定位。然

而，在训练时向 DSAC++添加颜色抖动，性能会略有
提高。

在仅使用一个光照条件的数据下进行训练时，我们

的方法（左侧图中蓝色曲线）的性能显著高于 DSAC++
和 PoseNet，大约 30％的图像定位误差低于 25cm和 5°，
这表明在减少训练照明条件时候，我们没有过拟合。我

们还尝试在训练中加入颜色抖动（左图中的点蓝色虚

线），并获得显着的性能提升，获得了近 85％的图像定
位误差低于 25cm和 5°。这样的性能非常接近于在所有
照明条件（中间图）上进行训练时获得的性能，这可以

被视为所有可实现结果的上限。这意味着对于实际应

用，即使训练数据中仅存在一个光照条件，也可以使用

我们的方法。

对遮挡的鲁棒性。为了研究对遮挡的鲁棒性，我们

比较了所有方法在所有环路和所有照明条件下进行训

练时的性能，并测试了（a）没有游客的所有光照条件，
见图8（中），以及（b）所有照明条件和各种游客密度，
见图8（右）。所有方法的性能都轻微下降。对于我们的
方法，性能的降低主要原因来自图像本身，即（a）仅
存在一幅画或（b）OOI被大部分遮挡。这导致 OOI检

图 9. 左：输入的带有遮盖掩膜的图像。右：对于每个检测到
的类别，我们根据回归匹配拟合得到的单应矩阵来变换参考

图像。

图 10. 改变位置误差阈值，固定角度误差阈值为 5°，百度定
位数据集上的定位成功图像的百分比。位置误差低于 1m，角
度误差低于 10°。位置误差在 1m到 2.5m之间，角度误差在
20°之间。位置误差超过 2.5m。

测失效。然而在大多数情况下，即使在训练时没有任

何人的遮挡，我们的方法仍然鲁棒。图9展示了在人类
存在下的实例分割（左）的示例。为了可视化匹配的质

量，我们拟合测试图像和参考图像之间的单应矩阵，并

将参考图像扭曲到查询图像平面上。我们观察到掩膜

和匹配仍然准确。

5.2.在百度定位数据集上的实验结果

10展示了在百度定位数据集 [33]上的结果。这个
数据集代表了一个现实的场景下的基准，这使得它极

具挑战性：（a）训练数据仅有在 240米左右的商场拍
摄的 689张图像，（b）训练和测试图像是在不同相机
和视角拍摄的，以及（c）环境在光照条件和动态物体
方面发生了一些变化。基于深度学弟的最先进方法表

现不佳，只有不到 2％的图像定位误差在 2m和 10°之
内。COLMAP能够定位更多图像，在 1m和 5度时约为
45％，在 5m和 20°时为 58％。我们的方法是第一个能够
在此数据集上与基于结构化的方法竞争的基于深度回
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归的方法。我们成功地将大约 25％的图像在 1m和 10°
内的误差阈值定位，在 5m和 20°内几乎达到了 40％。
为了进一步提高准确度，我们进行了非线性最小二乘

优化（稀疏光束平差法 [20]）作为后端（灰色曲线），获
得了约 2％的性能提升。图10再次强调了基于单应矩阵
进行数据增强的好处（普通蓝色曲线与蓝色虚线曲线）。

我们无法定位大约 10％的未检测到 OOI的检索图像。

6.结论

我们提出了一种新型视觉定位方法，它依赖于稠

密匹配一组感兴趣的对象。这是第一个基于深度回归

的，可扩展到百度定位数据集这类环境较大时的定位

方法。此外，我们的方法在较小的数据集上做到了高精

度，例如新推出的 VirtualGallery。由于我们的方法依赖
于 OOI，因此只有在 OOI存在的情况下才能进行定位。
因为它使得能够在快速变化和动态环境中使用视觉定

位，所以依赖 OOI这个缺点是我们的方法的核心特征。
为此，我们假设在这种情况下，至少所选择的OOI可以
保持稳定或者在移动或改变时可以被跟踪。我们的方

法中需要进行学习的组件可以通过改变照明条件和视

角变化来增强鲁棒性。未来的工作包括自动挖掘 OOI
以及推广到非平面 OOI。
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