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Abstract
The coplanar two-line room layout with two parallel
junction lines is often seen in an egocentric indoor vision
when facing a wall or walking in a corridor. However, camera pose estimation from this kind of room layouts cannot
be handled by existing vanishing point-based algorithms or
PnL (Perspective-n-Line) methods due to the lack of line
correspondences. This includes a recently proposed PnLIOC approach that introduces image outer corners (IOCs),
i.e., the intersecting points between room layout boundaries
and image borders, to create more auxiliary lines. In this
paper, a new coplanar P3L (CP3L) method is proposed
to handle the coplanar two-line room layouts by embedding a P3L (Perspective-three-Line) method into the NSGAII, a multi-objective optimization method. The proposed
CP3L algorithm jointly estimates the initial camera pose
and the 3D correspondences of four IOCs related to the two
junction lines, and optimizes the camera pose in the iterative Gauss-Newton algorithm. We also study and compare
the robustness of CP3L solutions under different configurations of auxiliary lines from estimated IOCs. Experiment
results on both simulated images and real ones from the
Matterport3D-Layout database demonstrate the accuracy
and robustness of the proposed method.

1. Introduction
In indoor egocentric vision, the spatial structure of a
room can be represented by certain 3D layouts defined by
a few junctions and boundary lines [13, 39, 43, 51, 53], and
deep learning for room layout estimation has shown great
promise recently [28, 38, 49]. On the other hand, camera pose estimation from room layouts has some advantages due to the fact that most indoor scenes conform to
the Manhattan world assumption [11]. A layout-oriented
PnL (Perspective-n-Line) method was recently proposed for
camera pose estimation from 2D room layouts, which introduces image outer corners (IOCs) to provide sufficient
PnL conditions [9]. Generally, there are 11 room layouts
defined [28], among which there are two types of room lay-

Figure 1. The two coplanar two-line room layouts under study
where IOCs are connected by purple lines.

outs with two parallel and coplanar lines as shown in Fig.
1. These two layouts are popular in indoor egocentric vision when facing a wall or walking in a corridor. However,
since there are only two given 2D/3D line correspondences,
camera pose estimation becomes ill-posed and cannot be
handled by existing methods, including the one in [9].
In this work, we develop a new coplanar P3L (CP3L)
method to handle these two specific layouts by taking advantage of the idea of using IOCs in [9] to provide additional line correspondences. However, the initial rotation matrix cannot be obtained by only two given 2D/3D
line correspondences. Therefore, we embed the P3L in the
non-dominated sorting genetic algorithm II (NSGA-II) [15]
which is a fast multi-objective genetic algorithm that has
been widely used [4, 23, 33, 36, 42]. The proposed method
optimizes 3D correspondences of IOCs by evaluating the
fitness values based on their 3D correspondences, the rotation matrix, and the translation vector. The rotation and
translation are then re-estimated from the given 2D/3D line
correspondences created from the optimized IOCs. Therefore, the 3D correspondences of IOCs and the initial camera
pose can be optimized iteratively to reach a final solution.
To the best our knowledge, this work is the first attempt to
attack this kind of coplanar two-line layouts.
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2. Related work
A coplanar two-line layout provides two parallel lines in
the scene according to the room structure and dimension,
and the perspective projection of any set of parallel lines
which are not parallel to the image plane will converge to a
“vanishing point” [19]. Vanishing points can be determined
by line pair intersections from parallel lines in the scene
for most of the existing methods [1, 2, 8, 10, 21, 26, 32, 35].
Camera pose estimation from vanishing points is an effective approach [5, 6, 25, 46]. However, it needs at least two
orthogonal vanishing points to determine the camera pose
uniquely [20, 32, 55], and on the other hand, most coplanar
two-line layouts from real-world images can only provide
one vanishing point, as illustrated in Fig. 1.
The P3L (Perspective-3-Line) problem is the basis for
dealing with the general PnL problem [48] because there are
6 DoFs for a 3D camera pose and each line correspondence
offers two constraints. The P3L problem was addressed
with an analytical method by solving an eighth-order polynomial in [18]. An algebraic P3L method was proposed
in [7] that may not be stable in the presence of noise. By introducing two intermediate frames in [50], the P3L problem
formulation can be simplified. However, the P3L solution
usually cannot be uniquely determined [7]. In [9], a new
PnL method was proposed based on room layouts, which introduced IOCs to change the P3L problem to a PnL (n > 3)
problem, but it cannot handle two-line layouts because of
only two given 2D/3D line correspondences.
Room layout estimation is a well studied topic in
decades [34], which was mainly solved with geometrybased approaches in the early attempts [16, 17, 24, 40, 44].
With the advancement of deep learning, a wide range of
highly challenging scenes can be represented by a set of
well-defined layouts robustly and accurately [28,30,49,52].
Moreover, the high quality datasets [12, 53, 54] published
recently further promote the development of deep learning
methods for room layout estimation which supports camera
pose estimation for more location-aware vision tasks.

3. Problem Statement
3.1. PnL problem statement
The PnL problem is about recovering rotation matrix R
and translation vector t of a camera from n known 3D reference lines Li = (viw , Pw
i ) (i = 1, ..., n) along with their
corresponding 2D projections on the image plane denoted
as li = (si , ei ) [56], where viw ∈ R3 is the normalized
3
vector for Li , Pw
i ∈ R is any point on Li in the world
coordinate frame, and si and ei are the endpoints of li in
the image plane. The problem is illustrated in Fig. 2 and to
tackle with this problem, a new camera frame and a model
frame are introduced into the re-projection model as two intermediate frames. The rotation from the world frame to the

n
c
model frame is defined as Rm
w , and similarly Rm , Rn , and
c
Rw can be defined [9], where the new camera frame can be
determined by rotating the original camera frame with Rm
w,
T
as Rcn = (Rm
)
.
The
relationship
among
those
rotation
w
matrices can be defined as:
m T n
m
Rcw = Rcn Rnm Rm
w = (Rw ) Rm Rw .

(1)

Figure 2. The PnL problem illustration.

A projection plane Πi can be formed with a given 2D
line li , the corresponding 3D line Li , and the projection
center O. The cross product of two points on li is calculated
as the normal of Πi , denoted by nci . With the geometrical
w
constraints [22], Pci = Rcw Pw
i + t, the coordinate of Pi
in the camera coordinate frame, should be perpendicular to
the normal nci , then
(nci )T (Rcw Pw
i + t) = 0

i = 1, 2, ..., n,

(2)

and an analytic solution of t can be obtained by Eq. (2) [48].

3.2. Coplanar P3L problem statement
If two 3D correspondences of IOCs are given which are
displayed as the purple points in Fig. 3, the problem can
be solved by a P3L method. Thus Camera pose estimation
from coplanar two-line room layouts can be converted to a
coplanar P3L (CP3L) problem. However, the unique camera pose can be only determined for PnL (n > 3) problem,
and there are multiple P3L solutions [7, 31, 48]. To tackle
with this issue, the camera height (cH) is introduced to obtain the unique camera pose. In egocentric vision, the cH
is directly related to the user’s height and is assumed to be
available. The camera origin in the world frame Ow
c can be
calculated based on Rcw and t as
c T
Ow
c = −(Rw ) t.

(3)

Because the world frame is based on the Manhattan room
c
layout structure, one coordinate of Ow
is the camera height
c
that yields a constraint between Rw and t with regard to Eq.
(3). This constraint can be stacked with Eq. (2) to obtain
the unique camera pose.
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Figure 3. Different combinations for IOCs.

However, the range of 3D correspondences of IOCs is
the only known information because the two given coplanar lines are the boundaries of a room that can be well defined by the room dimension and basic structure information. The four unknowns for 3D correspondences of IOCs
are defined as uf = [uf 1 , uf 2 , uf 3 , uf 4 ]T , and those four
unknowns are in the same direction axis. The range of the
four unknowns can provide a good initial for uf . Thus a
NSGA-II embedded P3L method is introduced. After initialing the first generation for uf , two IOCs are considered as one group, and then different combinations for four
IOCs can generate 2 different situations for types 1 and 2
shown in Fig. 3. The reason why the four unknowns cannot be used together as one group is that optimizing four
unknowns together will take a very long time to converge
or even not usually converge because four unknowns mean
so many possibilities and the result for camera pose estimation is discontinuous. Meanwhile, the reason why we only
use two groups, instead of three or four, is that the information provided by type 1B or 2B is limited because the two
IOCs are in the same line, which makes the optimization
more difficult. Besides, these more groups will reduce the
converged rate. Then, each group will be a CP3L problem.

4. Proposed Method
For the camera pose estimation of the two-line room
layout types shown in Fig. 1, the yellow line correspondences can be easily defined. However, camera pose cannot
be estimated only by two line correspondences using any
PnL method, but if the purple lines can be defined, there
will be more line correspondences. Therefore, 3D correspondence estimation of IOCs is the key for our proposed
method. NSGA-II embedded with P3L is introduced to determine 3D correspondences of IOCs and the initial camera
pose, and Gaussian-Newton is adopted after reducing the
order for the cost function to optimize camera pose via IOC
refinement. The proposed method can be described as the
flow chart in Fig. 4 that is detailed in the following sections.

4.1. Camera pose estimation
Camera pose estimation is a vital step in the proposed
method, which is mainly used to determine the rotation and
translation after 3D correspondences of IOCs are generated

Figure 4. The proposed CP3L method.

in the initialization and iterative step as Fig. 4 shown. For
a P3L problem displayed in Fig. 2, the rotation matrix Rm
w
can be generated based on the line L0 = (v0w , Pw
0 ) with
the longest projection length [9]. Therefore, Rnm is the key
to calculate rotation matrix. According to the Euler Angle
definition [37], Rnm can be expressed as
Rnm = Rot(Y, β)Rot(Z, γ)Rot(X, α),

(4)

where Rot(Y, β), Rot(Z, γ), and Rot(X, α) denote the rotation and β, γ, and α denote the rotation angle around the
Y -axis, Z-axis, and X-axis in the model frame, respectively [45]. Rot(X, α) can be easily obtained because α
m
m
w
is the angle between v0 (v0 = Rm
w v0 ) and Zm -axis. An
eighth-order polynomial called the P3L polynomial is built
by the 3-line subset { L0 L1 L2 } formed from the remaining
lines L1 and L2 together with line L0 [48]. This polynomial can be used to determine Rot(Z, γ) [45, 48], and at
most 8 minima can be chosen as the candidate solutions. β
can be retrieved via optimization method after γ is obtained,
and at most 2 minima for Rot(Y, β) will be determined [9].
Therefore, there will be up to 16 minima for Rot(Z, γ) and
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Rot(Y, β) combinations, and Rnm candidates can be determined via Eq. (4) for each minima combination. The rotation matrix Rcw can be finally obtained with Eq. (1) .
Rotation matrix Rcw can be polished through optimization as follows. Firstly, let Rcw be expressed using CayleyGibbs-Rodriguez (CGR) parameter vector [41, 48], which
is related to three variables and defined as r. Then, a leastsquares problem can be reconstructed and solved by a single
Gauss-Newton step. The rotation and translation can be parameterized according to Eq. (2), and form the linear system
as
 

 r
A B
= 0.
(5)
t
From Eq. (5), t can be represented by A, B, and r, and
resubstituting t into Eq. (5) for m known 3D points on the n
known lines in the world coordinate frame, the least-squares
problem is obtained as follows
ε=

m
X

||Ei r||2 ,

(6)

4.2. Fitness function determination
The performance of genetic algorithms depends to a
large degree on the fitness functions therefore the fitness
functions need to be carefully selected to match the specifics
of credit scoring [27]. Type 1A in Fig. 3 is set as an example to discuss the process to determine fitness functions
for our proposed method. The IOC 1 and IOC 4 estimation combination is set as group 1 and the IOC 2 and IOC
3 estimation combination is set as group 2. After the 3D
information of IOCs is generated by NSGA-II for group 1
or 2, three 2D/3D line correspondences can be determined,
which is cast as a P3L problem and camera pose can be
estimated with the steps described in 4.1. After the initial
rotation matrix Rg and translation vector tg are obtained,
the orthogonal error Oer can be evaluated according to Eq.
(2) and Eq. (8) as
Oer =

3
X

c T
w
||(nci )T (Rg Pw
i + tg )|| + ||(ni ) Rg vi ||, (9)

i=1

i=1

where Ei = Ai − (BTi Bi )−1 BTi Ai , a 1 × 10 vector, can
be calculated ahead. The traditional Gauss-Newton method
can be adopted to solve the problem. The optimized initial
Rcw can be determined based on the refined r [45].
As mentioned before, we assume that the camera height
(cH) in the world frame is available that is related to the
user’s height in egocentric vision. Letting


r11 r12 r13
t = [tx ty tz ]T and Rcw = r21 r22 r23 ,
r31 r32 r33

w
where Pw
i and vi are the known point and normalized vector for line Li . Eq. (9) for group 1 and 2 can be considered as two fitness functions, and the orthogonal errors for
group 1 and 2, Oer1 and Oer2 , can be considered as two
fitness values. Meanwhile, the estimated rotation matrices
and translation vectors for group 1 and 2 are supposed to
be the same. Therefore, the functions about rotation matrix
difference OR and translation vector difference Ot between
two groups can be used as the other two fitness functions,
which are defined as

from Eq. (3) we have

OR (deg)

=

r11 tx + r21 ty + r31 tz + cH = 0,
Ot (%)

r12 tx + r22 ty + r32 tz + cH = 0,
or
r13 tx + r23 ty + r33 tz + cH = 0.

(7)

After the refined r is substituted into Eq. (5), a linear system
can be obtained by being stacked with Eq. (7) and Eq. (5),
which can solved by SVD, and translation vector t can be
determined uniquely. The camera origin in the world frame
w
Ow
c can be calculated by using Eq. (3), and Oc must be
inside the room according to the coordinate system setting,
which can be used to remove some incompatible solutions
from all the candidate camera pose solutions. For each rec
maining Rw
candidate, its orthogonal error
Eor =

n
X
[(nci )T Rcw viw ]2

(8)

i=1

can be evaluated, and the Rcw with the smallest Eor and its
corresponding t are selected as the final initial camera pose
solution.

=

max ∠(Rg1 (:, k), Rg2 (:, k)) ×

k∈1,2,3

||tg1 − tg2 ||
× 100,
||tg2 ||

180
,
π
(10)

where Rg1 and tg1 are the estimated rotation matrix and
translation vector for group 1, and Rg2 and tg2 are for
group 2. Rg1 (:, k) and Rg2 (:, k) are the k-th column of
Rg1 and Rg2 , respectively. ∠ represents the angle difference between Rg1 (:, k) and Rg2 (:, k). Then those four fitness functions are optimized in every iterative by changing
the value for 3D correspondences of IOCs with NSGA-II.

4.3. Non-dominated sorting
For each genetic iteration, we calculate those aforementioned four fitness values for each individual that is a possible solution for the unknown vector uf of 3D correspondences of IOCs [15]. The fitness values of each individual can be used to find the non-dominated set by comparing four fitness values. If all four fitness values of one
individual are better than others, then this individual is a
non-dominated individual, and repeat this process to find all
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done when the random number is smaller than pc . The simulated binary crossover (SBX) operator [14] is mainly used
to generate the child individual. Suppose there are two parent individuals p1 and p2 , then the children c, can be generated as
c = α(p1 + p2 ) + αβ(p1 − p2 ),

(12)

where
(
β=

(2r)1/(1+ηc )
(2(1 − r))−(1+1/ηc ))

α=

p2 (rank)
,
p2 (rank) + p1 (rank)

Figure 5. Non-dominated sorting.

the non-dominated individuals. After non-dominated determination [15], there will be several non-dominated fronts
shown in Fig. 5 and the individuals in different fronts have
a different rank value. The smaller rank value means that
the individual is dominated by fewer other individuals. Afterwards, the crowding distance can be calculated for the individuals in the same non-dominated front, and the crowding distance for the edged individuals of the non-dominated
fronts is defined as infinity to improve the diversity of the algorithm. The crowding distance is the sum of the distances
between two adjacent individuals for four fitness functions,
and for the individual k the distance can be defined as dck
dck =

4
X
||fi (k + 1) − fi (k − 1)||
i=1

fimax − fimin

k = 2, 3, ..., n − 1,

where r is generated randomly from 0 to 1, and ηc is
crossover distribution index for crossover operators [15],
whose value is inversely proportional to the amount of perturbation in the design variables. ηc will be chosen according to the specific situation and α can be determined by the
rank of p1 and p2 .
4.4.2

Child generation using mutation

After we get the new generation by crossover, the polynomial mutation can be adopted with a random probability to
improve the possibility to get the better solution [14], and
the new children cn , can be obtained by the following equations

(11)
fimax

fimin

where
and
are the maximum and minimum for
the specific fitness values fi in each genetic iteration, fi (k+
1) and fi (k − 1) are the two adjacent individuals of fi (k),
and n is the total individual number in one non-dominated
front. Then, a new sorted set can be obtained as the parents
after sorting by the non-dominated rank and the crowding
distance, and the better one has the smaller rank and the
bigger crowding distance [15].

4.4. Child individual generation
To obtain the better children in the iterative, the traditional steps of genetic algorithm, selection, crossover, and
mutation [47], are used to generate the child individuals.
For the selection step, the tournament selection is used,
which mainly selects two individuals randomly and then
saves the one with the bigger rank value. After this step,
the worse solutions will be saved and used for crossover
and mutation, which can make the worse one have the possibility to become a better solution.
4.4.1

Child generation using crossover

For the crossover step, a parameter called crossover possibility (pc ) needs to be set, and the crossover will only be

0 < r <= 0.5,
0.5 < r < 1,

cn = ||co + (cmax − cmin )δ||,

(13)

where
(
δ=

(2r)1/(1+ηm )
(2(1 − r))−(1+1/ηm ))

0 < r < 0.5
0.5 <= r < 1

where r is generated randomly from 0 to 1, and ηm is mutation distribution index for mutation operators [15], whose
value is inversely proportional to the amount of perturbation
in the design variables. ηm will be chosen according to the
specific situation. co is the individual before mutation, and
cmax and cmin are the maximum and minimum in the range
possible values for uf , respectively.
Those new generated child individuals are merged with
the parents, and the merged ones are used to repeat the nondominated sorting steps mentioned in 4.3. After this, the
first N (population size) elements are selected to form the
new parents. All the above steps will be repeated as the
process displayed in Fig. 4 until we get the quite good result for the 3D correspondences of IOCs and initial camera
pose. The results will be represented as a Pareto front, and a
threshold is set for all the fitness functions to remove some
unreasonable solutions, and then choose the solution with
the smallest orthogonal error from the remaining solutions
as the result for the further refinement.
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4.5. Camera pose optimization via IOC refinement
After 3D correspondences of IOCs and initial camera
pose are obtained, they can be jointly refined together, and
the optimization problem is converted into a least-squares
problem with the unknown 3D correspondences of IOCs
and three variables related to the rotation matrix R. From
Eq. (2), we have

The whole proposed method, referred to as CP3L, is presented in Algorithm 1.
Algorithm 1: CP3L method.

1
2
3

c T
(nci )T RPw
i = −(ni ) t,

(14)

4
5

where R can be represented with the Cayley parameterization vector s = [s1 s2 s3 ]T [45]. Then, Eq. (14) can be
represented as the following matrix form

6
7
8
9

(15)

10

where r is constructed by the variable vector about R and
the unknowns for 3D correspondences of IOCs. The unknown coordinate might be on the X-axis, Y -axis, or Zaxis because of the different definition for the world coordinate frame. The common part of the variable vector r is
defined as cr = [1, s1 , s2 , s3 , s21 , s1 s2 , s1 s3 , s23 , s2 s3 , s23 ]T ,
which is Cayley parameterization form for the rotation matrix. According to three different situations, the added variable vector can be defined as rx , ry , or rz , which can be
added to the common part vector and the variable vector
will be r = [crT rTx ]T , [crT rTy ]T , or [crT rTz ]T , and M
can be represented according to different r [9]. Eq. (14) is
satisfied for n reference point, hence

12

Mr = Nt,

f = Nt
e ⇐⇒ t = Cr,
Mr

(16)

where
f = [MT , MT , ..., MT ]T ,
M
1
2
n
c T
e
N = −(n ) , N = [NT , NT , ..., NT ]T ,
1

eT

−1

e
C = (N N)

2

n

e Tf

N M,

and the least-squares problem can be obtained as follows
ε̂ =

n
X
i=1

2
f − NC)r||
e
||(M
=

n
X

||Er||2 .

(17)

i=1

However, the traditional Gauss-Newton can be only adopted
when the cost function is the 2nd order [3], and this cost
function is the 3rd order, so the function order needs to be
reduced. This issue is solved by using a re-linearization
technique [29]. Let s4 = s21 , s5 = s1 s2 , s6 = s1 s3 , s7 =
s22 , s8 = s2 s3 , s9 = s23 . Although five more variables are
introduced here, five more equations are also added, which
allow us to reduce the order successfully. Then, the traditional Gauss-Newton method can be used, which is similar
to the camera pose optimization part discussed in 4.1, to refine R and 3D correspondences of IOCs. After this refinement, the translation vector t can be determined according
to Eq. (16).

11

13
14
15
16
17
18
19

20
21
22

Input : Two 2D/3D line correspondences
Output: Rotation matrix R and translation vector t
Initialize the population PGen for uf (Gen = 0)
Estimate initial R0 and t0 with camera height aware P3L method
Evaluate fitness values for each individual using Eq. (9) and (10)
PGen ← Non-dominated sorting
PGen ← Crowd distance calculation using Eq. (11)
PGen ← Sort by non-dominated rank and crowd distance
while Gen < Gmax do
Pc ← Selection by binary tournament
Pc ← Crossover and Mutation using Eq. (12) and (13)
RGen , tGen ← P3L method based on Pc
Pc ← Fitness assessment using Eq. (9) and (10)
Pm ← Merge PGen and Pc
Pm ← Find non-dominated set
Pm ← Calculate the crowding distance using Eq. (11)
Pm ← Sort by non-dominated rank and crowd distance
Gen ← Gen +1
PGen ← Keep the first N (population size) elements
end while
Choose the result with the smallest orthogonal error from the
Pareto front results
Refine 3D correspondences of IOCs and R using Eq. (17)
Calculate translation vector t using Eq. (16)
return R, t

5. Experiment results
The proposed CP3L algorithm is tested and validated
thoroughly on both synthetic data and real-world images.
All the results are measured by the error metric defined the
same as in [9,48], and rotation error (ErrR ) and translation
error (Errt ) will be calculated as
180
ErrR (deg) = max ∠(Rtrue (:, k), R(:, k)) ×
,
k∈1,2,3
π
||t − ttrue ||
× 100,
(18)
Errt (%) =
||ttrue ||
where Rtrue and ttrue denote the ground-truth for rotation
matrix and translation vector, and R and t denote the estimate results for rotation matrix and translation vector, respectitively. The mean and median of rotation error and
translation error will be calculated. For the real images, in
addition to the rotation and translation error, the estimated
layout lines are drawn according to the estimated 2D point
coordinates of IOCs, and the reprojection errors Rer are
listed under the real image result shown in Fig. 8. For
types 1 and 2, NSGA-II is introduced and there are some
parameters needed to be determined, including population
size, archive size, iteration number, crossover probability,
and mutation probability [15]. After experiments, those parameters are confirmed as 100, 50, 100, 0.8, and 0.1, respectively. All methods are implemented in MATLAB on a
MacPro with a 2.3 GHz CPU and 8GB of RAM.
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5.1.3

Computational efficiency

The computational time for type 1A and type 2A is quite
similar, and the average time is 91 seconds. The computational time for type 1B and type 2B is quite similar, and the
average time is 157 seconds. This result means that Group
A has the advantage on the computational time, and there is
no other mathematical methods to estimate camera pose for
this situation. Therefore, our method is also competitive for
those room layout types.

5.2. Experiments with Real Images
Figure 6. Some randomly generated room layout images.

5.1. Experiments with synthetic data
5.1.1

Synthetic data

A virtual perspective camera with image size of 320 × 640
pixels and focal length of 100 pixels for type 1, and 640 ×
320 pixels and focal length of 200 pixels for type 2 is used
to generate the 3D reference lines. The proper initial camera origin in the camera frame, initial rotation angle, and
translation vector are fixed to generate a specific room layout. Then the rotation angle is randomly changed in three
different angle directions in the range of [-4, 4] and translation vector is changed in three different directions in the
range of [-3, 3] to assure that the generated lines conform
to a specific room layout. Then these 3D lines are projected
onto the 2D image plane using Rtrue and ttrue . Some randomly generated room layouts are shown in Fig. 6.

We also applied the proposed CP3L method on a set
of room layout images with a known 3D line model from
Matterport3d-Layout Dataset [53]. Matterport3d-Layout
Dataset is a large scale dataset with 3D layout ground truth,
which has good layout diversity. It also provides depth information that can be used to recover 3D points ground truth
with rotation and translation ground truth together. However, the coordinate system for different images is set differently, so we need to figure out the coordinate system setting, then use different equations to estimate camera pose.
17 images for type 1 and 7 images for type 2 are collected.
Tab. 1 shows the rotation error and translation error for
different combinations listed in Fig. 3, and the proposed
method can give a quite accurate result. Moreover, the results with refinement and without refinement are compared,
which shows that the polishing step can improve the result.
Similar with the result from the synthetic data, the result
Type

5.1.2

Different layout results with varying noise

This experiment tests the effects of noise levels on the two
different IOC combinations for the two room layouts. The
noise deviation level δ is varied from 1 to 10 pixels. At
each noise level, 30 independent tests are conducted, and
the mean and median errors of rotation and translation are
calculated, as shown in Fig. 7. As the noise increases, the
rotation errors are increased almost linearly, but the translation errors are less stable. The main reason is that the translation vector is determined from the 3D correspondences of
IOCs estimated by NSGA-II, whose errors could propagate
to the estimation of the translation vector. Furthermore, for
the different IOC combinations in Fig. 3, the results for using the auxiliary lines connecting two IOCs from different
layout boundaries are more stable than the other combination. In other words, the results of types 1A and 2A has
the better result than those of types 1B and 2B, respectively.
It is worth noting that the proposed method cannot handle
the case when the two layout boundaries are parallel in the
image plane, which is the same constraint in camera pose
estimation from vanishing points [5]. Therefore, we avoid
this situation when generating the simulated data.

type 1A (17)
type 1B (17)
type 2A (7)
type 2B (7)
Type
type 1A (17)
type 1B (17)
type 2A (7)
type 2B (7)

Mean of the rotation error (deg)
With refinement Without refinement
0.6062
0.6093
1.6181
1.7894
0.2510
0.2612
2.1670
2.2984
Mean of the translation error (%)
With refinement Without refinement
3.8215
3.8554
7.2583
7.5320
4.6976
4.7305
6.6223
6.8615

Table 1. The mean rotation and translation errors for types 1 and 2
layouts with two different IOC combinations (Fig. 3). The number
in () is the number of images in each case.

from combination A is better than it from B for different
types. Moreover, Fig. 8 demonstrates that the proposed
method can recover the camera pose quite well. From the
real image experiment, there is another situation. When
there is a short section of a long corridor or a long wall, the
range of the 3D correspondences of IOCs cannot be initialized properly, and there will be multiple solutions for this
situation.
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Figure 7. Experimental results on the simulated data under different noise levels (δ = 1, ..., 10). From left to right: the mean/median
rotation errors and the mean/median translation errors. From top to bottom, the results for type 1, type 2.

Figure 8. Camera pose estimation from real-world images using our method. Rer is the reprojection error.

6. Conclusion
In this work, we study camera pose estimation from
coplanar two-line room layouts that are often-seen in egocentric vision applications. The proposed CP3L algorithm
is inspired and motivated by the recent PnL-IOC method [9]
that still cannot handle this kind of coplanar two-line layouts due to the limited given information. The proposed
CP3L incorporates the multi-objective NSGA-II optimization in the P3L method to estimate 3D correspondences of
IOCs from a two-line layout that yields two additional line
correspondences for a valid P3L solution. To the best of our
knowledge, this is the first attempt to estimate the camera

pose for this kind of challenging layouts. The capability
of camera pose estimation from common room layouts enables and facilitates many location-aware egocentric vision
applications, such as indoor localization, way-finding, and
navigation. Nevertheless, generalization to non-Manhattan
room layouts is necessary to make the proposed research
applicable to different indoor structures and environments.
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