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Abstract— Visual localization is an important part of many
interesting applications, including robotics. The dominant lo-
calization strategy is to estimate the camera pose from 2D-3D
matches between 2D pixel positions and 3D points. Yet, such ap-
proaches can be quite memory intensive and can lead to privacy
risks. An interesting alternative to point-based matches is to use
higher-level primitives for pose estimation. Consequently, this
work investigates using correspondences between 2D and 3D
bounding boxes for camera pose estimation. The resulting scene
representation is compact and poses fewer privacy risks. In this
setting, there are typically orders of magnitude fewer matches
available compared to classical feature-based methods. In addi-
tion, the available correspondences are significantly more noisy.
We investigate multiple strategies based on converting bounding
box correspondences to point correspondences and propose a
novel and simple 2-point camera absolute pose solver (DP2P)
that exploits the fact that the depths of the objects can be
approximated from the sizes of their bounding boxes.

I. INTRODUCTION

Camera pose estimation is the problem of computing
the position and orientation from which a given image
(or images) were taken. Camera pose estimation plays an
important role in localizing robots in the world [26].

Arguably, the most popular approach to camera pose
estimation, e.g., used by feature-based visual localization
systems [38], is based on 2D-3D correspondences between
2D image pixels and 3D points in the scene. The position
and orientation of the camera are estimated by applying an
absolute pose PnP solver, e.g., the P3P solver for calibrated
cameras [32], inside a RANSAC loop [23]. The required
2D-3D matches are typically obtained by matching the
descriptors of local features extracted from the image with
descriptors associated with 3D scene points.

3D point-based scene representations can easily become
prohibitively expensive in terms of memory requirements,
as (hundreds of) thousands or even millions of points are
usually needed to describe a scene. An alternative to low-
level primitives such as 3D points is to use higher-level
primitives. In this work, we investigate using bounding boxes
of objects for camera pose estimation. More precisely, we
establish correspondences between 2D bounding boxes in
an image and 3D bounding boxes in the scene, which in
turn are used for pose estimation. We use 2D-3D point
correspondences derived from the bounding box matches,
e.g., using the centers of the bounding boxes, as well as
additional information about the dimensions of the bounding
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boxes for pose estimation. We chose bounding boxes for
multiple reasons: (1) There are typically only relatively few
objects in a scene (e.g., around a hundred objects as opposed
to tens of hundreds of thousands of 3D points), and each
object can be described compactly using the bounding box
and its center, as well as a class label, resulting in a highly
memory efficient representation (e.g., 25 bytes for an axis-
aligned bounding box - 24 bytes for the two 3D points
describing the box and 1 byte for the class label - as opposed
to 140 byte for a 3D point position and its SIFT [25]
descriptor). (2) Information about objects and their positions
and orientation is typically necessary for robots operating in
the real world, e.g., to navigate to objects, manipulate them,
or avoid obstacles. In contrast to point-based representations,
the bounding box-based scene representation can thus also
be used for tasks other than camera pose estimation. (3)
Whereas image details can be recovered from points and
their descriptors [33] (even when using smaller subsets of
the points [6]), bounding boxes do not contain enough
information to allow recovering images. Since it is possible
to infer the presence and positions of objects from any robust
localization approach [7], we thus consider bounding box-
based representation as inherently more privacy-preserving.
Still, pose estimation from 2D-3D bounding box matches
also comes with a set of challenges: (1) Bounding box
detections can be quite imprecise. (2) In general, 2D bound-
ing boxes are not projections of 3D bounding boxes and,
therefore, only approximate point correspondences can be
extracted from them.!(3) Compared to the large number of
3D points typically visible in an image, there are only a
few bounding boxes visible in the image. This makes it
harder to handle the higher noise in the measurements, e.g.,
by averaging out errors during local optimization [23]. (4)
Objects are often not distributed equally across the whole
image. Coupled with the small number of potential matches,
this means that degenerate configurations are much harder to
avoid. Le., point correspondences extracted from bounding
boxes can often be collinear in autonomous driving scenarios,
which is a degenerate configuration for the P3P solver.
Still, bounding box-based pose estimation also offers
advantages: (1) the sizes of the corresponding 2D and 3D
bounding boxes can be used to approximate the depth of the
object. This information can, in turn, be used to simplify pose
estimation. (2) Many real-world objects are aligned with the

'Machine learning can be used to predict the corners of 3D bounding
boxes in images [35], [28], which in turn can be used to obtain additional
2D-3D point correspondences. These approaches need instance- or class-
level training and are thus only applicable in scenes with known object
types, limiting the generalizability of methods using them.
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gravity direction. Thus, under some assumptions, 2D object-
aligned bounding boxes can be used to approximate one or
two rotation angles of a camera, decreasing the degrees of
freedom (DoF) that have to be estimated from 6 to 5 or 4.
This paper investigates the use of bounding box correspon-
dences for camera pose estimation. We make the following
contributions: (1) We formulate different strategies to obtain
information for camera pose estimation from bounding box
matches, including strategies to obtain depth estimates from
the dimensions of the boxes. (2) We derive a new solver
(DP2P) that predicts the camera pose from two bounding
box correspondences. This solver uses centers of bounding
boxes and their depths approximated using the dimensions
of the bounding boxes to estimate the SDoF camera pose.
Compared to the UP2P solver [20] that assumes a known
gravity direction, the DP2P solver estimates one more angle
of the rotation matrix, making it more robust to noise in
gravity estimates and also applicable to situations where
only one rotation angle is known. The proposed solver is
general and can also be used with any depth information
extracted, e.g., from a RGB-D sensor. (3) We provide detailed
experimental evaluations on both synthetic and real data to
investigate the effectiveness of the different strategies and
solvers, including detailed ablation studies. An important
observation is that the P3P solver in many scenarios performs
worse than the UP2P and DP2P solvers. This shows that
the bounding box-based camera pose estimation problem
differs from the classical point correspondence-based pose
estimation problem, where the P3P solver is typically more
robust and reliable than the UP2P solver. (4) We release code
at github.com/vicsyl/pose-estimation-from-bounding-boxes.

II. RELATED WORK

Visual localization. Localization approaches estimate the
camera pose of a given query image in a known scene. State-
of-the-art approaches rely on 2D-3D matches between 2D
pixel positions in a query image and 3D points in the scene.
These correspondences are either explicitly established us-
ing feature matching [38], [30], [26] or implicitly through
regressing the corresponding 3D point per pixel [4]. The
resulting 2D-3D matches are used for pose estimation by
applying a PnP solver inside a RANSAC loop. While such
approaches enable highly accurate camera pose estimation,
with errors in the centimeter and sub-degree range, they can
be quite memory intensive as they approximate the 3D scene
structure using low-level primitives (3D points). We thus
investigate using higher-level primitives, in the form of 3D
bounding boxes, for pose estimation as they use less memory.

An alternative to visual localization via 2D-3D matches
is to directly regress the camera pose from the query im-
age [27], [41]. Such approaches, while efficient, currently
are significantly (up to an order of magnitude) less accurate
than methods based on 2D-3D matches [40]. Thus, we focus
on camera pose estimation from 2D-3D matches.

Object pose estimation. Estimating the camera pose from
2D-3D bounding box correspondences, where each box

corresponds to an object in the scene, is highly related to
the object pose estimation problem. Object pose estimation
algorithms aim to estimate the pose of a single object from
a single image. These approaches are typically either trained
per object instance [31] or class [24], [8] or require a
3D model of each object instance [42], [19] (or a similar-
enough 3D model [21], [34]). We investigate a much simpler
approach, which does not require 3D models or per-class
training and instead only relies on bounding boxes.

Object-based localization and mapping. Objects have
been used for both localization and 3D mapping, e.g., for
SLAM [37], [45], [3], [11], [17] or SEM [10], [16]. Most
related to this work are methods that use bounding boxes for
localization [43], [13], [15], [14], [45], [46] or mapping [10],
[16], [29], [3], [11], [45]. Rather than directly using 2D and
3D bounding boxes, most works use 2D and 3D ellipses [10],
[16], [29], [46], [13], [15], [14]. In 2D, they are obtained
by fitting ellipses into 2D bounding box detections [46].
3D ellipses are then obtained from 2D ellipses of the same
object observed in two or more images [36]. Ellipses are
preferred over bounding boxes as they lead to much simpler
3D fitting [36] and pose estimation [44], [46], [15], [13],
[14] problems. Most related to this work is [46]. Their
method uses one or more 2D-3D ellipse correspondences
for camera pose estimation. They propose an approach to
obtain 2D ellipses from 2D bounding boxes such that they
are more consistent with the projections of the corresponding
3D ellipses. However, their approach requires training the
fitting module for each observed instance of each observed
object class. In contrast to ellipsis-based prior work, this
paper focuses on directly using bounding boxes. To the best
of our knowledge, there is no existing work that explores
the potential strategies for bounding box-based camera pose
estimation. Our work thus fills a gap in the literature.

III. POSE ESTIMATION FROM BOUNDING BOXES

Below, we explore the information that 2D-3D bounding
box correspondences can provide for pose estimation.

Point correspondences. A correspondence between a 2D
bounding box detected in the image and a 3D bounding box
can be transformed into 2D-3D point matches.

In general, a 2D bounding box is not a projection of a 3D
bounding box, i.e., the corners of the 2D bounding box do not
need to correspond to any of the corners of the 3D bounding
box. One reason is that even if the bounding boxes are object-
aligned, for rotationally symmetric objects the 3D bounding
box can be rotated arbitrarily around the rotational axis of
the object. On the other hand, the bounding boxes are usually
centered around the centers of objects. Due to the perspective
projection, the center of the 2D bounding box is, in general,
not in correspondence with the center of the 3D bounding
box. Still, the centers of the bounding boxes usually provide a
good approximation of a 2D-3D point correspondence [46]
(see the approximate point correspondence x¢ < X¢ in
Figure 1). These point correspondences can then be used for
pose estimation, e.g., in the classical P3P solver [32].
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Fig. 1. Visualization of the assumptions under which the depth of the
object can be estimated from the dimensions of the 2D and 3D bounding
boxes based on similar triangles. See Sec. I1I.Dimensions/Depths for details.

Several other approximate 2D-3D point correspondences
can be extracted from a 2D-3D bounding box correspon-
dence. One such approximate 2D-3D match is between the
middle point of the upper edge of the 2D bounding box
and the center point of the upper face of the corresponding
3D bounding box (see the approximate point correspondence
x$ «» X$ in Figure 1). These points can be used either by
a camera pose solver for pose estimation or for filtering out
geometrically infeasible poses among several poses returned
by the solver. These point correspondences are, in general,
more noisy than the centers of the bounding boxes, but
especially in the presence of a small number of bounding
boxes from which some can be imprecisely detected, these
additional correspondences can improve pose estimates.

Dimensions/Depths. Bounding boxes provide additional
information in the form of their sizes (dimensions). The size
of the 2D bounding box scales with the distance of the object
from the camera. Thus, the dimensions of the 2D and 3D
boxes provide (noisy) information about the object’s depth.

Let us assume that the dimension of the 3D bounding box
that is measured (e.g., the height) is perpendicular to the
principal axis of the camera, that the bounding boxes are
object-aligned, and that the 3D bounding box is rotated so
that one of its faces F' is parallel to the image plane (c.f.
Fig. 1). In this case, assuming a calibrated camera, we can
use triangle similarities to derive a simple formula for the
depth A of the central point X of the 3D bounding box:

=54 (1)
s 2
where d is the depth of the point X inside the 3D bounding
box measured in the direction of the principal axis of the
camera, and S and s are sizes of the corresponding 3D and
2D bounding boxes, respectively.”

The assumptions under which Equation (1) holds are
idealized and, in general, are not satisfied, e.g., the 3D
bounding box is usually not oriented such that one of its
faces is parallel to the image plane. Moreover, we do not
know the direction of the principal axis of the camera
and therefore we cannot measure d in the direction of the

2Note, that under the mentioned assumptions d :2‘ |XC - Xg” and
% is the depth of the central point Xg of the face F, i.e., the closest one
among two faces parallel to the image.

principal axis, and the dimension S of the 3D bounding box
so that it is perpendicular to the principal axis. However,
several approximations can be made, so that the approximate
depth can be computed from the information available for
general bounding boxes: (1) s and S can be approximated
using dimensions of 2D and 3D bounding boxes measured
in the direction of their axes, e.g., using the standard heights
H and h of the bounding boxes. (2) d in (1) may be equal to
width W or length L of the bounding box, depending on its
orientation, and thus d can be approximated by their average
1(W + L). This means that we can use the approximation
c_H (W+1L)

AT . (2)
Our experiments show that this approximation works well
with real data for the combination of object-aligned 3D
bounding boxes and axis-aligned 2D boxes.

To take advantage of this additional depth information, in
Section IV, we propose a new minimal® solver for estimating
the absolute pose of the camera. This DP2P solver uses two
2D-3D point correspondences and the known depths of these
two 3D points to estimate a 5 DoF camera pose, ie., 2
DoF of rotation (assuming one known angle) and 3 DoF
of translation. The solver even works with the depth of only
one of the two 3D points, or the ratio of the two depths
(see Section IV). The second approach is useful if the solver
is used with depths that are known only up to an unknown
common scale, e.g., estimated using a neural network [12].
While in this paper we use (approximate) depth (2) obtained
from bounding box dimensions, the proposed solver can be
used with any source of depth, e.g., depth maps from RGB-D
sensors, with which many robots are equipped. When using
depth information from such sensors, the pose estimates from
the new DP2P solver will, in general, be even more precise.

Gravity direction/Roll angle. Many robots are equipped
with an Inertial Measurement Units (IMU) that can be used
to estimate two rotation angles of a camera/robot, i.e., to
align the vertical direction of a camera with the gravity
direction. Even if such a sensor is not available, in many
applications, the vertical direction of a camera mounted on a
robot is by default aligned with the gravity direction. If such
a robot moves on a ground plane, two rotation angles of the
camera are fixed and known/zero. This allows us to use the
2-point absolute pose solver for the known vertical direction
- the UP2P solver [20] - instead of the 3-point absolute pose
solver (P3P) [32]. The point correspondences used by this
solver can be extracted from the boxes as described above.

Sometimes the robot does not move on a ground plane and
only one of the rotation angles is fixed (e.g., when moving up
the hill). This then leaves 5 DoF that need to be estimated.
In such a situation, the new DP2P solver that assumes one
known rotation angle can be applied.

Even if all three rotation angles of a camera are unknown,
under some assumptions, bounding boxes can be directly

3Minimal solvers are solvers that use the minimum number of input data,
e.g., point correspondences, to estimate all DoF by solving a system of
equations with a finite number of solutions.
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used to approximate one or two angles of a camera before
running the solver. In general, many real-world objects are
aligned with the gravity direction, e.g., buildings, statues,
poles, cars, furniture, efc.. Thus, from object-aligned 2D
bounding boxes of at least two such objects, we can ex-
tract/approximate the vertical vanishing point. Subsequently,
assuming that the camera is calibrated, we can align the
camera vertical direction with the gravity direction.

Even one 2D object-aligned bounding box can, in some
scenarios, provide information that can be used to simplify
pose estimation. Assuming that the world coordinate system
is aligned with the axes of one 3D bounding box, we can
use the orientation of its corresponding 2D bounding box to
approximate in-plane camera rotation, i.e., camera roll angle.

IV. DP2P MINIMAL SOLVER

Assuming a calibrated pinhole camera [18], the image
projection x; of a 3D point X; can be written as

)\ixi = R(Xl — C) 5 (3)

where x; = (u,v,1)" are the homogeneous coordinates of
the image point, R = [rij]ij:l € SO(3) is a 3 x 3 rotation
matrix, C € R3 is the camera center and \; € R is the depth
of the point X; in the coordinate system of the camera.

Two 2D-3D point correspondences x; <> X;, ¢ = 1,2,
provide four constraint on the 6 DoF of R and C. They
restrict the position of the camera center C to lie on the
surface of a torus (see Fig. 2 in [5]). In our new solver, in
addition to two correspondences x; <> X;, ¢ = 1,2, we as-
sume known depths \; ,7 = 1,2. While we have two known
depths, they provide only one constraint on the unknown
camera pose. Assuming a calibrated camera, we can measure
the projection angle § = £(x1,x2) = Z(A1X1, A1X2). Thus,
from the known distance || X3 — X || and the depth Ay, we
can compute A5 or vice versa. The depth information restricts
the solutions for C by one dimension to a circle on the
surface of the torus, centered at the axis of revolution. This
means that using two 2D-3D point correspondences and the
known depths of the two 3D points (or their ratio), only a 5
DoF camera pose can be estimated.

In general, a solver that fixes any of the 6 DoFs of the
camera pose can be derived. In practice, it usually makes
sense to fix one of the rotation angles of the camera, i.e., to
assume that this angle is known. As described in Sect. III,
in many robotics applications, it is reasonable to assume the
roll angle of the camera to be zero (or known). Moreover the
roll angle can, under some assumptions, be approximated
from object-aligned 2D bounding boxes. Another practical
situation is to assume that the pitch angle of the camera is
zero (or known). This situation also appears in many practical
scenarios. Here, let us assume that the roll angle of the
camera is known. Using this angle, we can pre-rotate the
camera such that its x-axis is oriented horizontally, i.e., it
lies in the y = 0 plane. This means:

R1(1,0,00" =R"(1,0,0)" = (2,0,2)" 4)

and thus r15 = 0.
Let us first eliminate C from the projection equation (3)
by considering the difference Aoxs — A1x7. This leads to

)\2X2 — )\1X1 = R(X2 — Xl) 5 (5)

which gives us three linear equations in 8 unknown elements
of the rotation matrix R (8 since ri2 = 0).

The linear equation corresponding to the first row of (5),
together with the quadratic constraint on the first row of R
coming from the orthonormality of the rotation matrix R,
i.e., the constraint 72, + r?; = 1, result in two equations in
two unknowns. Note that in our case 712 = 0. This system
has up to two solutions for the first row r1 = (r11,0,713) of
R. Plugging the solutions into the constraints on the second
row of the rotation matrix R, i.e., the constraints r1r2T =0
and rord = 1, together with the equation corresponding
to the second row of (5), gives us a system of two linear
and one quadratic equations in the three unknowns of rs.
This system has up to two solutions for the second row
ro = (ro1,792,723). The third row is simply rs = ry X ro.
Excluding degenerate configurations and given a solution for
ri, at most one of the solutions for ry yields an rj3 fulfilling
the third row of (5). This means that, overall, there will
only be up to two solutions to the original system (3) For
a particular solution R, we can get the solution for C as
C = R*1A1x1 — Xj.

A similar solver can be derived for a known pitch angle,
i.e., the horizontal z-axis. However, we do not need two sep-
arate solvers, since the same solver can be used in both cases
after flipping the world coordinates (z,y, z) > (—z,y, x).

V. EXPERIMENTAL RESULTS

The goal of our experiments is to study different strategies
for camera localization from 2D-3D bounding box corre-
spondences. To this end, we compare three different solvers:
the standard P3P solver [32], the UP2P solver [20] that
assumes a known gravity direction, and the new DP2P solver,
which exploits information about known depths of 3D points.
We investigate different strategies to run these solvers using
information extracted from bounding box matches.

Datasets. We measured the performance on two datasets
- Mapillary Metropolis [9], [1] and ARKitScenes [2]. The
Mapillary Metropolis dataset contains images taken from a
car in traffic in a flat area; therefore, the camera is very
closely aligned with the vertical (gravity) direction, and
most of the objects’ 3D bounding boxes are nearly perfectly
aligned with the vertical direction, with just small deviations.
The 2D bounding boxes are image axis-aligned. * There are
8,002 images with at least two objects with both 2D and 3D
bounding boxes. The distribution of the number of objects
in the images in both datasets is shown in Tab. I.

Note that only ~ 26% respectively ~ 3.5% of the images
in the Metropolis and ARKitScenes datasets contain more

4The 2D bounding boxes in this dataset are rectangular bounding boxes
from equirectangular projection.
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#objects || >2 | >3 | >4 | >5 | >6 | 7+
Metropolis “ 8,002 [ 4,957 [ 3,195 [ 2,106 [ 1,326 [ 1,983
ARKitScenes || 113,920 | 50,956 | 12,688 | 4015 | 1,135 | 305

TABLE I
STASTISTICS ABOUT SCENES WITH AT LEAST n OBJECTS.

than 5 objects. This results in orders of magnitudes fewer
matches compared to feature-based methods.

The ARKitScenes dataset contains indoor sequences,
where the camera moves freely through the scene. This
dataset represents a much more general camera motion than
the motion usually present in robotics applications. However,
we included this dataset in some experiments to show the
performance of the tested approaches in such challenging
scenarios. The 3D object bounding boxes in this dataset
are, for the vast majority, aligned with the vertical direction
(furniture standing on a horizontal floor). The dataset does
not provide 2D bounding boxes, only per-pixel object in-
stance labels. We used minimal area rectangles around these
pixels to get the object-aligned 2D bounding boxes. Only
those objects for which all vertices of their 3D bounding
box project inside the image are considered.

Fig. 2 (left) shows the distribution of reprojection errors
between the 2D bounding box centers and the projected 3D
bounding box centers for both datasets. Fig. 2 (right) shows
the accuracy of the depth estimates of the 3D bounding box
centers measured as the ratio between the predicted depth
obtained using Eq. (2) and the ground truth depth.

Experimental setup. Both datasets provide information
about the objects that are visible in each image. We use this
information to establish the 2D-3D bounding box matches:
for each 2D box with the instance label [, we establish a
match with a 3D box with the same label.” Rather than
using random sampling (RANSAC), all potential minimal
samples are considered for pose estimation. This is possible
because there are only few objects visible in each image.
Pose estimates are scored using a robust loss function [23]
based on truncating the squared reprojection error at 12
pixels. Local optimization was not used, as we observed
that it can decrease performance, likely due to the small
number of objects in each scene, which do not provide
enough information for pose refinement.

2D-3D bounding box matches provide us with point
correspondences between their centers. These point corre-
spondences are used for pose estimation in all tested solvers.
For the DP2P solver, the 2D dimension of the object used
in Eq. (2) as h is computed as the distance between the
midpoint of the upper and bottom edge of the bounding box.°

In addition, we explore three strategies for using extra cor-
respondences from the top of the bounding boxes x% < X$:

SIn practice, one would establish correspondences between all bounding
boxes with the same label. Given the small number of boxes per scene, the
resulting set of matches can still be handled efficiently, especially if only
two correspondences are needed for pose estimation.

In this case, this height h was selected as the dimension of the 2D
bounding box that has the smallest angle from the vertical camera axis.
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Fig. 2. Dataset statistics. Top - the Metropolis, bottom - the ARKitScenes
dataset. Left - distribution of errors between the centers of the 2D bounding
boxes and the projections of the centers of the corresponding 3D bounding
boxes. Right - relative depth estimation error with the depths of the central
points computed as AC ~ % + (W+L) , for the height of the 2D bounding
box h, and the dimensions of the 3D bounding box (H, W, L).

(1) The first strategy chooses a single model from multiple
models returned by the minimal solver. To do this, each
model is evaluated against the extra top correspondences of
the minimal sample, and the best one is chosen. (2) The
second strategy uses the extra correspondences for inlier
counting, but not for pose estimation. (3) The third strategy
uses the extra correspondences as part of minimal samples
drawn in RANSAC. Figure 4 compares these strategies on
the Metropolis dataset. The last strategy outperforms the
others on this dataset. Thus, for all other experiments on
Metropolis, we use the last strategy. For the ARKitScenes
dataset the extra correspondences are much more noisy, and
we thus do not use them in experiments on this dataset.
We use the P3P and UP2P solvers from PoseLib [22].

Evaluation metrics. For the real world data experiments
we show the pose recall as a function of the position error
(defined as the Euclidean distance between the estimated and
ground truth camera center [39]) for a given threshold on
the rotation error (defined as the angle of RgtRT) and vice
versa. Pose recall is defined as the fraction of images with
both position and orientation errors below given thresholds.

A. Controlled Experiments

First, we analyze the robustness of the three solvers -
UP2P, DP2P, P3P - to noise in the bounding box measure-
ments and explore design choices for DP2P.

Synthetic data. In synthetic experiments, we measured
the influence of (1) the reprojection errors between the 2D
bounding box centers and the projected 3D bounding box
centers, (2) the errors in depth estimates A (2), and (3) the
deviations of the camera vertical direction from gravity, on
the performance of the solvers. Due to space limits, we show
here only the results for a combination of (2) and (3) with
a fixed reprojection error of all points.
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Fig. 3. Distribution of mean rotation errors depending on the deviation
from gravity and relative depth (\) error, for a fixed reprojection error of
0.01 in normalized image coordinates. DP2P uses a known pitch angle.

For each synthetic scene instance, the ground truth nor-
malized image coordinates xf’t were sampled uniformly from
[—1,1]2, the ground truth depths \?* uniformly from [2, 75],
and the rotation matrix R was sampled uniformly from
rotations with the given deviation from gravity. The 3D
bounding box centers X$ were obtained by backprojecting
x?t using given R and )\ft. Finally, the depth estimates \;
used by the DP2P solver were computed by scaling A/ " with
a multiplicative factor, i.e., \; = A/'(1 + ¢;)7, where e;, j
were sampled uniformly from [0,0.2] and {—1, 1}, respec-
tively. The 2D bounding box centers x; were computed from
x9" by adding a random offset with the norm of 0.01 to x?*
in a random direction (corresponding to an error of 5 pixels
for a focal length of 1,000 pixels and a field of view of 60
degrees). We generated 2,000 scene samples per given set
of noise parameters. Fig. 3 shows the mean rotation errors
returned by the solvers for a given relative depth error (in
the heatmap bin [a, a + 0.01] contains depth noises £ ¢
[a, a+0.1]), and camera deviation from gravity. We compared
DP2P with known pitch, UP2P, and P3P. By their definitions,
P3P is not affected by errors in the gravity estimates and
relative depth estimates, and UP2P is only affected by errors
in the gravity estimates. For the chosen reprojection error
(0.01 in normalized coordinates), DP2P performs equally
well or better than UP2P for the relative depth error below
8%. Moreover, it performs better than P3P for relative depth
errors below 8% and deviations from gravity below 2 deg.
UP2P outperforms P3P for deviations from gravity below 1
deg. For Metropolis, most of the depth estimates obtained

using Eq. (2) had errors below 10% (c.f. Fig. 2).

Strategies for obtaining depth estimates for the DP2P
solver. Eq. (2) provides initial depth estimates {\¢}Z_;
for the two objects used by the DP2P solver. As they are
approximate, they do not satisfy the cosine law given by the
known projection angle § = Z(x1,x2) and the side lengths
IA$x1 ], [[A§x2|| and || XS — X'||. To compensate for noise
in the estimated {\¢}2_,, we can use 6 and ||X§ — X{||
to compute new values {\¢}2_, that satisfy the cosine law.
These new values are then used as input to the DP2P solver.

There are several strategies on how this can be done. (1)
We can fix the ratio r = \§/\§ and calculate {\¢}2; so
that they satisfy the cosine law and r = AS'/A{. (2) We can
fix one of the estimated depths, e.g., the first, set )\f = A
and compute \§ from \{', 6 and || XS — X§||. This leads to
a quadratic equation with possibly two positive roots. Both

—=- single  —-- inliers

—— proper

— uPzZP — P3P

0.25 10 2.0 3.0 4.0 4.75
Rotation error [deg.]

Fig. 4. Using extra correspondences. Comparison of different strategies
for exploiting extra correspondences qu > X% . Base - no extra correspon-
dences are used. Single - a single model from multiple models returned by
the minimal solver is chosen based on the inlier score on extra correspon-
dences. Inliers - extra correspondences are used only for inlier counting.
Proper - extra correspondences are treated as proper correspondences and
are used also for estimation. Results are reported on the Metropolis dataset
on images with at least 3 bounding boxes (4,957 images). The plot shows
the recall for a position error threshold of 1 meter.

=»- 108GT
=X- 106GT

=¥- 104GT
=X=- 102GT

1 2 3 a 5
Rotation error [deg.]

Fig. 5. Depth sensitivity of the DP2P solver. We compare the UP2P
solver, the DP2P solver with known pitch and depth estimates from bound-
ing boxes using Eq (2), and the DP2P solver with depths obtained by scaling
all )\ft with a constant multiplicative factor i.e., \; = Aft(l + e;)*,
e; € [0,0.08]. We show the fraction of images localized within 0.5 meters
of the ground truth pose as a function of the rotation error.

roots can be used within DP2P. Yet, picking the root that is
closer to the initial estimate \* was shown to be sufficient.

One estimated depth can be significantly more noisy than
the second, and it is generally not known which one is more
accurate. Thus, it is important to test both variants i.e., fix
A§ as well A§ and run the DP2P solver twice. This can result
in a significant improvement in performance. In general, one
can run the solver for each minimal sample three times and
also evaluate (inside RANSAC) the variant with fixed ratio.
However, including estimates from the ratio r did not bring
any improvement on the tested datasets. Thus, we did not
use this strategy in our experiments. Note that using the ratio
strategy can be very useful in scenarios where depths will be
estimated using neural networks. In such cases, the returned
depths are usually known only up to an unknown common
scale. Taking the ratio eliminates this unknown scale.

Depth sensitivity of the DP2P solver. The performance
of the DP2P solver depends directly on the quality of the
depth estimates. To measure this dependency under realistic
conditions, on the Metropolis dataset, we run the DP2P
solver with depth estimates computed by scaling all A/ " with
a constant multiplicative factor ie., \; = )\ft(l + e;)TH,
e; € [0,0.08]. Fig. 5 shows the results for different noise
levels as well as the depth estimates computed from the
bounding boxes using Eq. (2) (solid blue) and the results
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Fig. 6. Comparison of DP2P (with known pitch), UP2P, and P3P on
images from the Metropolis dataset observing at least three objects. In
the general comparison for rotation (top left) and position error levels (top
right), the performance of DP2P is better than P3P but below UP2P. UP2P is
quite sensitive to deviations from the gravity direction, which was simulated
by rotating the image around the principle axis. For a small rotation by 0.4°
(bottom left), the performance of UP2P already drops. For a rotation by 1°
(bottom right) the performance of UP2P drops significantly.
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Fig. 7. Comparison of DP2P (with known roll), UP2P, and P3P
on all images from the ARKitScenes dataset observing at least three
objects. While P3P performs the best on generic poses of the dataset, DP2P
performs not much worse, especially on tighter error levels. As expected,
the performance of UP2P is much worse. Measured on 50,956 images.

of the UP2P solver (solid red). The results for DP2P with
depths estimated from the bounding boxes are quite good
and correspond to the results of DP2P with a constant 2%
error in depths. This is thanks to the fact that for the DP2P
solver, it is sufficient to have one precise depth (c.f. strategies
for obtaining depth estimates). Still, there is a gap between
the results for ground truth depths and estimated depths. This
means that more precise depth estimates obtained, e.g., using
a depth sensor or learning-based method, can improve the
performance of the DP2P solver.

B. Comparison on Real World Data

Comparisons of the three minimal solvers - DP2P, UP2P,
and P3P - on images from the Metropolis and ARKitScenes
datasets with at least visible 3 bounding boxes are shown in
the Fig. 6 (top row) respectively Fig. 7.

On the Metropolis dataset, where the camera’s vertical
directions are almost perfectly aligned with the gravity
direction, the best-performing solver is UP2P. On the ARK-
itScenes dataset with more general camera motion, the best-
performing solver is P3P that estimates full 6DoF motion.

1 107

07
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Fig. 8. Comparison of DP2P (with known roll), UP2P, and P3P on
images from the ARKitScenes dataset observing at least three objects;
for images with deviations within 2 degrees of the camera roll. Measured
on 16,558 images. The best-performing solver is DP2P.

The performance of the DP2P solver is somewhere between
P3P and UP2P showing good performance on both datasets.

While the DP2P solver estimates two rotation angles, the
UP2P solver estimates only one (yaw). Therefore, UP2P
is more sensitive to noise in the gravity direction. This
can be observed from Fig. 8, showing results on 16,558
images from the ARKitScene dataset where the ground truth
camera roll was within 2°. It can be seen that for such
images, the DP2P solver with known/zero roll significantly
outperforms both UP2P and P3P. Similar behavior can be
observed from Fig. 6, where we simulated noise in the given
gravity estimate by rotating images from the Metropolis
dataset around the principal axis. While this favors the DP2P
solver that estimates this angle, it simulates a situation that
is common in practice. As shown in Fig. 6 (bottom row),
already for a small rotation by 0.4°, DP2P outperforms
UP2P, which is quite sensitive to this type of noise, on
finer thresholds (0.2m, 0.5m) on the position errors of the
estimated poses. Although P3P is robust to this rotation and
estimates all rotation angles, it again performs significantly
worse than DP2P. This is an interesting and important
observation, as for classical point correspondences, the P3P
solver typically provides more accurate estimates than the
solvers that are fixing some rotation angles (as P3P is not
affected by noise in these angles). We attribute this to the
small number of correspondences, and the higher noise level
in the correspondences. Another reason might be that often,
especially for Metropolis, all three 3D box centers are nearly
collinear, which is a degenerate configuration for P3P.

Note that all solvers perform better on Metropolis than
on ARKitScenes, most likely due to the higher reprojection
errors for the latter (see Fig. 2).

VI. CONCLUSIONS

In this paper, we have investigated the problem of camera
pose estimation from correspondences between 2D and 3D
bounding boxes. This problem brings several advantages
over classical feature-based localization methods. First, the
bounding box-based scene representations are compact. Sec-
ond, these representations are very abstract, and thus do not
contain private information of users. On the other hand,
using bounding boxes comes with new challenges, e.g.,
orders of magnitude fewer matches, and significantly more
noisy measurements. Therefore, we tested the performance of

5541



different camera pose estimation solvers and investigated dif-
ferent strategies for running these solvers using information
extracted from bounding box matches. To exploit additional
information available from bounding boxes, we proposed
a novel minimal solver (DP2P) for pose estimation using
two point correspondences and known depths. This solver is
general and can be used with any source of depth estimates.
We show that when using depth estimates of objects obtained
from the sizes of their bounding boxes, the DP2P solver
performs quite well over different camera motions/poses. For
poses with one rotation angle small, e.g., negligible roll, it
significantly outperforms the P3P and UP2P solvers.

As expected, and as evident from our results, using bound-
ing boxes leads to rather coarse camera pose estimates that
are significantly less accurate than feature-based methods.
Still, given their small memory footprint, bounding box-
based methods are well-suited for coarse localization, e.g., as
an intermediate step for feature-based methods or to initialize
a refinement step that better aligns the image with 3D models
of the objects inside the bounding boxes.
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