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Abstract

Point clouds can help us easily determine different com-
ponents within a room. In this paper, we demonstrate a
RANSAC heuristic model to detect floors and ceilings by
using an RGB and depth image, applying plane segmenta-
tion to the generated point cloud. We apply these predic-
tions to place a 3D mesh chair within the room, using our
results to scale and align our chair object. We do so by
identifying free space within the floor’s point cloud, then
translating the chair to that location. Results show that our
model is capable of identifying empty floor space sufficient
to place a chair mesh, in a variety of rooms, given ade-
quate conditions. On the other hand, cluttered rooms and
large horizontal objects, such as tables, pose a challenge
for the heuristics used, and options to improve accuracy are
discussed, as well as performance improvements to search
point clouds efficiently.

1. Introduction

1.1. Estimation

Using an RGB-D image, the intrinsic parameters of a
camera, and the extrinsic parameters of an image, room lay-
outs and interiors can be estimated as a point cloud, which
can be used to estimate the locations of floors and ceilings
[17]. While the true layout cannot be completely recon-
structed with only one image and a depth map, due to occlu-
sions, the three dimensional locations of objects within the
room can be calculated with the camera parameters, depth,
and image points.

Since methods such as RANSAC plane segmentation
rely on distance between points to cluster them together, the
idea is that large, continuous objects such as walls, floors,
and ceilings will be easy to detect. The challenge comes
from clutter in the room, which can make clustering points
using a methodology such as RANSAC difficult, and dif-
ferent camera orientations can complicate angle calculation
to isolate the floors and ceilings. [15] Enough clutter can

result in the RANSAC algorithm detecting vertical planes
that segment the floors and ceilings, failing to detect the
shapes desired. Large horizontal objects in a room may also
be detected as false positives, often occluding the floors or
ceilings desired.

1.2. Placement

If a floor has been identified, the model uses a straight-
forward algorithm to determine if there’s space for the chair
mesh. Using the bounding boxes of the floor and the chair
[13], the model searches the points in the floor for a position
to place the chair, if possible. If ceiling data is provided, the
chair can be scaled as per assumptions of standard room
heights and chair heights. Then, the chair is rotated and
translated to its final location [11].

A challenge comes from the structure of the point clouds,
which may not preserve the shape of the original image ar-
ray, which requires a technique to locate the points involved
in possible collisions. This may require lots of computa-
tional power to go through each of the point cloud’s points,
which will make the application highly inefficient. Differ-
ent images may require that a chair not be placed, since
there may be no floor, or no space available on the floor.
However, other horizontal objects might still be present.

Another challenge comes from the tilt of the room, re-
quiring the chair object to be tilted similarly, so that it is
parallel to the floor. This requires the accelerometer data
as well to calculate the angles by which the chair should be
rotated.

2. Background/Related Work

This section provides related works to solving room es-
timation problems using similar techniques. Some of them
go over more advanced methods that could be applied in the
future for solving this problem. Other works explore useful
techniques to understand and evaluate point cloud results,
comparing the results with existing techniques.
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Figure 1. Original RGB Images.

2.1. Related Work

Anagnostopoulos et al. provides an example of detecting
walls, floors, and ceilings in point cloud data for rooms as
well as large buildings, using RANSACs and planes parallel
to the yz and xz planes, and then it applies octree division
[17]. It relies on the Manhattan-World heuristic, assuming
that buildings will have mutually orthogonal directions, hor-
izontal floors and ceilings, and vertical walls. Segments are
extracted in order based on number of points, and normal
vectors are computed to determine orientation. They finally
use thresholds of point cloud density to extract floors and
ceilings.

Bozpolat et al. uses RANSAC to perform plane segmen-
tation on Kinect point clouds. [15] These point clouds are
calibrated using the Kinect’s intrinsic parameters. They re-
move noise and and down-sample the data for faster pro-
cessing times. These processing steps are essential to yield
better results in less execution time.

Cao et al. estimates poses in point clouds uses trained
RANSAC hypotheses based on evaluating metrics, such as
point cloud distance. [12] They notice that correspondence
based evaluation metrics have been overlooked, which they
develop to increase performance. The results are compared
with the standard high density evaluation methods, main-
taining accuracy and reducing runtime.

Lin et al. develops a new method of point cloud evalu-
ation, called Density Chamfer Distance. [16] They notice
that Chamfer distance and Earth Mover’s distance are com-
mon methods used, explore the problems with those meth-
ods, and develops their new method derived off of Cham-
fer distance. They then compare the quality of results with
their new method versus the standard Chamfer and Earth
Mover’s Distance.

Figure 2. Original Depth Images.

Figure 3. RANSAC Plane Segementation.

3. Approach
3.1. Procedure

First, the original RGB and depth images are combined
to create an RGBD image, shown in Figure 1. This is used
with the intrinsic and extrinsic camera parameters to gener-
ate a point cloud for each image, as in Figure 2. Estimates
can be calculated once all the point clouds are created.

The model retrieves all the inliers from running
RANSAC plane segmentation, using Open 3D, shown in
Figure 3. The model imports the accelerometer data to get
the tilt angle for each image [6]. With a threshold of 0.1 ra-
dians, or 84-95 degrees, it calculates the absolute values of
each plane’s angles. RANSAC delivers the plane equations
in the form:

Ax+By + Cz +D = 0 (1)

The normal vector is simply (A, B, C). The model cal-
culates its projection in the xy and yz planes, since y repre-
sents the height axis in the point clouds, then subtracts the
vector by its projection.

distances = a− a · v
v2

v (2)



Figure 4. All Horizontal Planes

Figure 5. Detected Floors and Ceilings

Where v is either (0, 0, 1) (the xy plane) or (1, 0, 0) (the
yz plane), and a is the normal vector of the plane. Arctan-
gent of y/x and y/z is calculated to get the respective angles
in radians. If both angles are within the threshold, the model
appends it to a list of horizontal planes which it returns. In
order to ensure that the yz angle fits within the threshold, it
is calculated as:

angleyz = arctan(y/z)− tiltAngle

2
(3)

Now, these horizontal planes in Figure 4 need to be ex-
amined to determine which one is the floor and which one
is the ceiling. The model uses the median of the image,
the middle of the image’s height. The lowest plane below
the median is considered the floor and the highest plane
above the median is considered the ceiling. The model uses
Open3D to remove any statistical outliers from the floor
and/or ceiling point clouds, with 20 neighbors required and
a standard deviation of 2.0. The model returns the floor
and/or ceiling point clouds, and the corresponding angles
of their normal vectors [7].

Some sample results are shown in Figure 5. With the
floor and ceiling point clouds obtained, the model can
now attempt to place the mesh, using Mesh Lab [11] and

Pymeshlab[13]. The model checks if the floor is available,
and if so, it calculates the bounding boxes of the floor and
the chair. It acquires the height of the chair from this bound-
ing box. If the ceiling is also available, the model calcu-
lates the room height in pixels using the ceiling and floor’s
bounding boxes. The chair is then scaled based on the room
height, with the assumption that the room is 2.5 meters tall
and the chair is 1 meter tall. The chair is also rotated based
on the angles of the floor’s plane [3]:

xangle = −π

2
+ xfloorAngle (4)

yangle = −2π

3
(5)

zangle =
3π

2
− zfloorAngle (6)

Since the y angle is not associated with the angles of the
floors, it can theoretically be any value. −60◦ was chosen
for the chair object file used.

The chair’s bounding box is recalculated to match the
scaling and rotation. The model loads the floor’s point cloud
and checks every point (x,y,z) on it for another candidate
point (a,b,c) that can accommodate the area of the chair:

a− x > lengthchair (7)

c− z > widthchair (8)

To make sure there are no obstacles in this area found,
the model checks the full image point cloud for any points
(i,j,k) in that fall between (x,z) and (a,c). For each of these
points, the model makes sure they don’t fall within the
chair’s space:

max(y, b) <= j <= max(y, b) + heightchair (9)

The model only checks the first point that is far enough
away to fit the chair, starting over after (x,y,z). This remains
accurate because the most important area covered remains
the same, the area of the chair’s bounding box. While the
time complexity remains the same, this modification signif-
icantly reduces the runtime for average images where the
floor is larger than the bottom of the chair’s bounding box,
since it’s likely that there will be space for the chair in the
front of the point cloud.

Once the candidate points have been validated, the chair
is translated from its original position (cx, cy, cz) to its new
position (tx, ty, tz). This is simply calculated as:

(cx − tx, cy − ty, cz − tz) (10)

With the scaling, rotation, and translation done, the chair
can now be placed within the 3D point cloud, and is view-
able via Mesh Lab [11] or any other 3D rendering software.



Figure 6. Examples of Labels Used

A new chair object file is created and saved, to avoid mixing
it between different mlp files. If a candidate point could not
be found, then the model reports that there was no space for
the chair in the room and does not generate an mlp or obj
file.

4. Experiment
For the experiment, I collected estimates for all the floors

and ceilings, then compared the estimates with the original
labels to measure the accuracy of the results. Figure 6 shows
a sample set of labels. I looked for any false positives or
negatives of the floors and ceilings, as well as the number
that were correct. In order to determine the accuracy of the
floors and ceilings detected, I also calculated the Chamfer
distance for each set of images and labels, when possible.

For the second part of the experiment, I used Meshlab
to attempt to place a chair in the images. I evaluated as
many of them as I could manually, by examining them to
determine if the chair placement was valid. I also checked
samples of photos that did not result in a chair placement to
determine if there really was no space for the chair.

4.1. Dataset

For testing purposes, I have found and downloaded the
chair linked here. [2]. This paper will be using the labeled
data from the NYU Depth Data-set V2.[14] It contains 1449
images and depth maps, with labels for objects, accelerom-
eter data, and the intrinsic and extrinsic camera parameters.
The original data arrived in a hdf5 file, which was a com-
pressed format that stored the images and numerical infor-
mation. This had to be extracted correctly to acquire the
RGB images and depth maps.[10, 9] In order to access the
depth data, I pre-processed the depth values, scaling them
from 0 to 255 to save as an image for each corresponding
RGB image. In the Open3D library, the RGB image is com-
bined with the depth image to make an RGB-D image[17].
In order to view the label data, I removed all the points cor-
responding to labels other than the floors and ceilings [4]

5.19e+ 02 0 3.26e+ 02
0 5.19e+ 02 2.54e+ 02
0 0 1


Figure 7. RGB Intrinsic Parameters 1 5.05e− 3 4.30e− 3 2.50e− 2

−5.04e− 3 1 −3.69e− 3 −2.93e− 4
−4.32e− 3 3.67e− 3 1 6.62e− 4


Figure 8. Extrinsic Parameters

1 0 0 0
0 −1 0 0
0 0 −1 0
0 0 0 1


Figure 9. Point Cloud Rotation

and scaled their color values to make them more discrete.
All this image data was cropped by 8 pixels on each side
to remove the borders. These borders had been interfering
with the RANSAC estimates, so removing them helped im-
prove accuracy.

I have used the RGB intrinsic parameters in Figure 7. My
extrinsic parameters are in Figure 8. The point cloud was
derived using the Open3D library [17]. Then I transformed
the resulting point cloud by the matrix in Figure 9 to orient
it correctly.

4.2. Evaluation

The accuracy of detection can be determined by whether
a floor was detected when a floor label was present, as well
as whether a ceiling was detected when a ceiling label is
present. I collected false negatives and positives for each
image to determine the overall accuracy, saving this infor-
mation for statistical use [8].

The quality of detected results is evaluated through
Chamfer distance between the estimated versus the labeled
point clouds. I have calculated the English names of each
of the labeled codes [1]. Through the labeled dataset, I have
identified the label ’4’ as referring to the ceiling and ’11’ as
referring to the floor objects. For each image, a floor and
ceiling point cloud can be constructed by only using the
points corresponding to these labels [17]. Figure 6 shows
examples of what these labels look like once they’ve been
properly prepared. The light gray segments correspond to
the floors and ceilings, while the black points in the rest of
the image are discarded during testing.

Since there can be a wide variety of valid placements for
a 3D mesh chair in any given image, the results from chair
placement will need to be evaluated manually. The main
false cases are images where there was enough space for
the chair to show up but it didn’t, or images that didn’t have
a floor but still placed a chair.



Figure 10. Examples of floor false positives, mostly flat singular
or sets of objects.

Figure 11. Histogram Plot of all the Chamfer Distances [5]

4.3. Results

Out of all the images in the dataset, the following lists
the results obtained for the floor and ceiling:

Floor False - Floor False +
202 75

Ceil False - Ceil False +
344 16

Floor Correct Ceil Correct
1172 1089
.81 .75

Additionally, for images that did estimate a floor and/or
ceiling correctly, the average Chamfer distance is 22.24 pix-
els. The standard deviation is 44.879, indicating a high vari-
ance between images with very low distances and images
with very high distances, most likely due to either a missing

Figure 12. Point Cloud 12, where there table below the chair was
detected as a floor

Figure 13. A tiny piece of the chair’s bottom right leg is sticking
through the floor of this point cloud. This is a result of the down-
sampling averaging out the points in the floor.

floor or a ceiling that should have been detected. The small-
est distance value was 0.015547628 pixels, and the largest
was 326.2775313 pixels.

For chair placement, the model was run on the full set of
images, and manually checked if the chair was placed in an
accurate manner. Out of the 1449 images, the model was
able to place a chair in 608 of them. Increasing the tolera-
ble floor height by 1 pixel i.e. carpets, raised the number of
chair placements. Chairs could not be placed at all in im-
ages without a floor detected, and many images with floors
were too cluttered for the chair to find a position. This is
considered valid, since in real life, a person would not be
able to place a chair where there’s no space.

Rotation introduced problems with the chair’s position,
as did the tilt angle. After taking a random sample of 60
chairs, the model had an accuracy of .63, or 63

100 . Some in-
valid placements include images with incorrect floors, as in
Figure 12, in which case the model found the wrong ob-
ject as the floor, usually a table or a group of chairs. How-



Figure 14. Examples of Properly Scaled Chair Images

Figure 15. Examples of Unscaled Images with no Ceiling De-
tected.

ever, other invalid placements are images where the chair is
slightly below the floor, with two or more chair legs stick-
ing out. I confirmed that the chair and the floor should
be parallel, after the rotation step. Through testing, I con-
firmed that these minor inaccuracies are caused by the voxel
down-sampling. Since the down-sampling returns the av-
erage point in the floor, the chair is translated a little more
further than it should be. The effect is worse the more down-
sampling occurs. However, the down-sampling is necessary
to reduce the run-time of the algorithm, due to the very large
number of points that need to be examined. An example can
be seen in 13.

Most valid placements were in relatively empty rooms
with a one-point perspective shape, like an alley or a tun-
nel. Most valid images where there was no placement were
crowded two-point perspective images.

Some examples of scaled images, where both a floor and
ceiling were detected, are shown in Figure 14. Placements
worked as expected for both scaled and unscaled images,
as shown in Figure 15. In unscaled images, sometimes the

chair would not be in proportion to the rest of the objects in
the room.

5. Conclusion
The results from only using heuristics look promising,

suggesting better possibilities from using more advanced
methods, such as a convolutional neural network. I would
like to setup a better evaluation metric for the RANSAC
plane segmentation, given my heuristic results. There were
cases where the RANSAC algorithm detected a set of chairs
or a table instead of the floor, and cases where all the planes
were vertical even when there was supposed to be a floor or
ceiling, so these improved models would likely be able to
solve these corner cases.

Chair placement has more room for improvement,
namely in terms of accuracy and speed. Greater accuracy
with floor estimates will greatly improve chair placement,
as they are directly correlated. Many invalid chair positions
would be removed through accurate floor detection. Chair
placement can be greatly optimized through better means
to search through the point clouds, perhaps through setting
up a better structure for their data. It would be preferable
to access the point cloud values as a grid, so that only the
relevant section needs to be searched.

If all objects in the room could be detected, this problem
could extend to moving any of them to different places in
the same room. This would be useful as a virtual environ-
ment where users can test different layouts for their rooms,
loading up an empty version of their room, then placing and
moving the other objects around. Users might also want a
live version of this application, where they can add an object
to their room to decide if they want to purchase it.
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