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Abstract In this paper, we present a system for

estimating the trajectory of a moving RGB-D cam-

era with applications to building maps of large

indoor environments. Unlike the current most re-

searches, we propose a ’feature model’ based RGB-

D visual odometry system for a computationally-

constrained mobile platform, where the ’feature

model’ is persistent and dynamically updated from

new observations using a Kalman filter. In this

paper, we firstly propose a mixture of Gaussians

model for the depth random noise estimation, which

is used to describe the spatial uncertainty of the

feature point cloud. Besides, we also introduce a

general depth calibration method to remove sys-
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tematic errors in the depth readings of the RGB-

D camera. We provide comprehensive theoretical

and experimental analysis to demonstrate that our

model based iterative-closest-point (ICP) algorithm

can achieve much higher localization accuracy com-

pared to the conventional ICP. The visual odome-

try runs at frequencies of 30Hz or higher, on VGA

images, in a single thread on a desktop CPU with

no GPU acceleration required. Finally, we exam-

ine the problem of place recognition from RGB-D

images, in order to form a pose-graph SLAM ap-

proach to refining the trajectory and closing loops.

We evaluate the effectiveness of the system on us-

ing publicly available datasets with ground-truth

data. The entire system is available for free and

open-source online.

Keywords RGB-D · computer vision · 3D

mapping · camera calibration

1 Introduction

An RGB-D camera is a device which provides two

concurrent image streams: a conventional color im-

age, and a depth image, containing a measure of

the distance from the camera to each observed

pixel along the optical axis. The two images can

be used together to obtain a dense, textured 3D

model of the observed scene.

The properties of RGB-D data, together with

the low cost of current devices, have made RGB-

D cameras very popular among the computer vi-

sion and robotics communities. RGB-D data has

been used in various applications, including vi-

sual odometry, SLAM, scene modeling, and object

recognition.



Fig. 1 Top-down and side views of 3D map constructed from RGB-D data using our system.

In this paper, we present our work on 3D local-

ization and mapping of indoor environments with

an RGB-D sensor, running on computationally con-

strained platforms. An example of a 3D reconstruc-

tion produced by our system is shown in Fig.1.

Our research has been motivated from the perspec-

tive of mobile robotic perception; therefore, there

is a strong focus throughout our work on compu-

tational efficiency and real-time performance. The

three key problems we address are the depth cali-

bration and noise estimation of the point cloud, the

pose estimation of a moving camera using ’feature

model’, and re-localization from RGB-D images for

detecting and dealing with trajectories revisiting

the same location. We believe our contribution to

the first two areas are applicable beyond the field

of robotic perception, to anyone working on indoor

modeling with RGB-D data. Our place recognition

work is primarily included for the sake of system

completeness and as a straightforward method for

offline post-processing; we don’t claim any signif-

icant contribution over more established methods

in the field.

We begin by examining the accuracy and pre-

cision of depth images produced by RGB-D cam-

eras. Accuracy refers to the closeness of the mea-

surements to the truth, while precision refers to

the variation of repeated measurements under the

same conditions. Compared to their more expen-

sive range-sensing counterparts such as laser scan-

ners, RGB-D cameras have lower precision and ac-

curacy. Consider Fig. 2, which shows the result of

a simple experiment where we placed an RGB-D

camera at three different distances away from a

flat wall. For the top figure, the point cloud visible

in the figure is the result of aggregating multiple

depth readings at 4 meters away. An ideal sensor

would produce a thin, straight line as the top view

of the point cloud. The bottom right figure shows

the result taken at 8.0 meters away, which is even

worse with an average 578.9 mm error. However,

we notice that the left bottom figure shows the

result taken at 1.5 meters away, which only pro-

duce an average 8.5 mm error. It is immediately

obvious that the real camera has not only a high

uncertainty, but also a high degree of systematic

error which is highly associated with the distance

to the target. More importantly, the systematic

error varies across different sections of the image,

producing geometric distortions.

In order to solve the above problem, we propose

a per-pixel polynomial model calibration technique

to remove the bias in the depth readings. The cali-

bration technique relies on observing a flat checker-

board at the initial position and then estimate the

transformation using ORB-SLAM2 [25] algorithm

(which is proved to have smaller than 1.0% accu-

racy). A ground truth pose is determined by calcu-

lating the transformation from the camera to the

chessboard coordinate system. A plane fitting al-

gorithm is deployed to find the wall based on the

first RGB-D frame, then we only need to compare

the accuracy between the measurement and the fit-

ted plane. With this model, incoming depth images

can be unwarped so that the bias in each pixel is

removed. We are also inspired by [1] to improve

the implementation of the depth calibration for

real time application purpose, but we do not com-

promise with lowering the depth resolution. We

demonstrate experimentally that unwarping the

data has a significant impact on the performance

on visual odometry and mapping algorithms that

rely on depth readings. We further formulate an

uncertainty model for the depth reading in each

pixel. The uncertainty is based on a Gaussian mix-

ture model of depth readings of the pixels in a

local neighborhood window. When treating each

3D point as a probabilistic distribution, the cali-

bration technique accurately determines the mean,
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while the uncertainty model predicts the standard

deviation.

The probabilistic measurement model forms the

basis of a visual odometry pipeline for trajectory

estimation. We begin by computing the locations

of sparse features in the incoming RGB-D image,

and their corresponding 3D coordinates in the cam-

era frame. Next, we align these features against a

global model dataset of 3D features, expressed in

the fixed coordinate frame. After calculating the

transformation, the model is augmented with the

new data. We associate features from the RGB-

D image with features in the model, and update

them using a Kalman filter framework considering

the uncertainty as spatial covariance. Any features

from the image which cannot be associated are in-

serted as new landmarks in the model set.

The model (which starts out empty) gradually

grows in size as new data is accumulated. To guar-

antee constant-time performance, we place an up-

per bound on the number of points the model can

contain. Once the model grows beyond that size,

the oldest features are dropped to free up space

for new ones. By performing alignment against a

persistent model instead of only the last frame, we

are able to achieve significant decrease in the drift

of the pose estimation. We perform the trajectory

estimation in real time, at rates of 30Hz or higher

(the camera outputs the images at 30Hz, but our

algorithm is able to process them faster). It uses a

single thread, and does not require a GPU.

The paper is organized as follows. Section 2 re-

views the previous work on RGB-D camera cal-

ibration and uncertainty analysis. Section 3 de-

scribes RGB-D camera measurement model, in-

cluding the depth image calibration procedure and

noise models. Section 4 presents the trajectory es-

timation pipeline, focusing on the visual odometry

algorithm. Section 5 presents our work on place

recognition from RGB-D images, and its appli-

cation to global keyframe-based pose alignment.

We present our experimental results using multiple

datasets in section 6. Finally, section 7 concludes

the paper with a summary of our contributions and

areas of potential further work.

2 Previous work

In the field of camera calibration, Smisek et al.

[34] present a calibration procedure for an RGB-D

camera, including the intrinsic parameters or the

RGB and depth cameras and the extrinsic matrix

between them. Further, they examine the relation-

Fig. 2 Top-down view of a point cloud obtained by
measuring a flat wall using an RGB-D camera. (Top
image): The point cloud is constructed by averaging
multiple depth images to remove the effect of random
noise. The curvature in the point cloud indicates that
the depth readings (Z) for each pixel have a strong sys-
tematic error. (Bottom Left): The raw point cloud con-
structed at 1.5 meters, the average depth error is 8.5
mm. (Bottom right): The raw point cloud constructed
at 8.00 meters, the average depth error is 578.9 mm.

ship between the raw device output and the metric

depth, as well as the resolution and quantization

of the depth output. They correct for systematic

errors in the depth, but the correction is performed

using a constant term which is trained only in the

0.7 to 1.3 meter range. Khoshelham and Elberink

[21] discuss the depth accuracy and resolution of

an RGB-D camera, including the relationship be-

tween the raw depth output and the metric depth.

They derive an uncertainty model for the metric

depth based on the resolution of the device and

the uncertainty of the raw depth. The model con-

siders pixel readings as independent of neighboring

pixels.

Park et al. [29] propose a mathematical uncer-

tainty model for 3D visual features. Further, they

propose an alternative model from computing the

metric depth from the raw depth output. Olesen et

al. [28] propose an uncertainty model for the depth

reading based on a parametric model which con-

siders the radial distance of a pixel from the image

center and the depth reading at that pixel. Nguyen

et al [27] propose a depth noise model by measur-

ing lateral and axial measurement distributions as

a function of distance and angle of the sensor to a
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surface. Herrera et al. [15] present an algorithm to

simultaneously calibrate a depth and RGB camera,

including their intrinsic parameters and the pose

between them. The method is based on observ-

ing checkerboards attached to a large flat surface.

Authors in [18] also presented an algorithm to si-

multaneously calibrate a depth and RGB camera

within 4 meters range, which using the six order

distortion function [42]. It does not consider the

systematic depth error problem.

In terms of depth image compensation models,

our work is most closely related to that of [39] and

[1]. In [39], Teichman et al. describe a procedure

for training an unwarping model based on myopic

parameters. Their system uses SLAM-based struc-

ture instead of checkerboard images as a source of

reference. This has the added advantage of being

able to use natural scenes for online calibration.

However, it couples the model training with an ex-

isting SLAM implementation, which in turn may

be already affected by reconstruction errors due to

the depth image biases. This fact becomes increas-

ingly challenging as the longer the distance, the

more severe the uncalibrated biases are. Authors in

[1] proposed a similar idea of using pixel-wise cor-

rection approach to correct the depth, which also

proves that a second-order polynomial could be

able to eliminate the depth error. However, it only

uses checkerboard based projective-n-point (PNP)

method to estimate the pose from the camera to

the wall, which heavily affects the calibration re-

sult since the pose estimation error grows with

the distance to the checkerboard. In particular, we

demonstrate results from a depth camera on a mo-

bile device with systematic errors large enough to
compromise structure-based calibration methods.

To solve this problem, we propose a hybrid pose

estimation system combing checkerboard PNP cal-

culation and rapid SLAM to obtain the reference

plane detection, which is proved to be more robust

and accurate compared to a single checkerboard

approach.

In the field of visual odometry and motion es-

timation, Steinbrucker et al. [35] present a system

for frame-to-frame trajectory estimation by mini-

mizing an energy function in the space of the dense

depth data. Dryanovski et al. [6] present a system

for frame-to-frame registration using edge features,

which uses a high-frequency loop for sparse data

and a low-frequency loop for dense data. Henry et

al. [13] present a system which uses GPU-accelerated

SIFT features. Images are aligned on a frame-to-

frame basis, by using both sparse and dense data.

Global refinement is performed offline using Sparse

Bundle Adjustment. In their newer work [14] they

also consider FAST features without GPU acceler-

ation.

Endres et al. [8] present a system which uses

sparse SURF, ORB, or GPU-accelerated SIFT de-

scriptors (the choice is configurable). Images are

aligned against a subset of previous frames of con-

stant size, in order to increase robustness. The im-

plementation requires multiple threads. Additional

refinement of the trajectory can be performed of-

fline. Newcombe et al. [26] present a system for

RGB-D pose tracking and mapping. Their method

aligns dense depth data against a model of a sur-

face. The model is augmented with new data. The

system requires a GPU-equipped computer. Kerl

et al. [19] describe a RGB-D SLAM system which

tracks images using a frame-to-keyframe scheme

and performs pose-graph alignment in a separate

thread. The system is notable for performing dense

alignment between the frames, using data from all

pixels. The alignment runs in real time on a desk-

top CPU; however, it requires more computational

time and lower resolution images than our pro-

posed algorithm, making our solution more appro-

priate for computationally-constrained systems. Fur-

thermore, their work does not demonstrate results

from environments larger than a limited office scene;

in comparison, we provide results from a larger-

scale reconstruction of multiple rooms. Meilland

and Comport [23] present a system which unifies

keyframe-based SLAM techniques with volumetric

map representations. The system runs in real time,

and requires a GPU-equipped computer. Thomas

et al. [41] introduce a GPU based ICP for realtime

pose estimation and dense map fusion algorithm

called ’ElasticFusion’. It introduces a ’surface loop

closures’ approach rather than feature based graph

model loop closing. The current most successful

RGB-D SLAM is proposed by Mur-Artal et al.[25],

it proposes an ORB feature based local and global

graph optimization approach to perform pose es-

timation. It has achieved the best performance al-

most in all public dataset including TUM dataset

[37], KITTI dataset [11], and EuRoc Dataset [5].

However, ORB-SLAM2 still requires heavy graph

optimization, which is not suitable for real time

processing on a mobile platform with computation

constraints.

In our previous work [7], we describe a visual

odometry pipeline using a persistent feature model.

The visual odometry section of this paper expands

upon our previous results, describing an improved
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pipeline including a RANSAC step, as well as more

experimental evaluations.

3 RGB-D Measurement model

3.1 Preliminaries

In the context of this paper, we define an RGB-D

image as an image with 3 standard color chan-

nels and an additional depth channel. The depth

channel contains a measure, in meters, of the dis-

tance from the camera optical center to the scene,

along the camera optical axis. We adopt the stan-

dard camera coordinate frame convention with the

z axis pointing along the optical axis. We expect

RGB-D images to have complete color informa-

tion, and incomplete, yet very dense, depth infor-

mation.

An RGB-D camera will typically output a color

and depth image produced by two separate cam-

eras, RGB and infrared, each with its own intrinsic

parameters and distortion coefficients. The device

and its software driver might have a built-in cal-

ibration for the intrinsics of the two cameras, as

well as the extrinsic pose between them. This al-

lows for the two images to be properly undistorted,

and for the depth image to be reprojected into the

frame of the RGB camera to form a single unified

RGB-D image.

In the case when the factory calibration is not

provided, or is not sufficient, a user can perform a

custom calibration in two steps. First, the intrinsic

parameters of the RGB and infra-red (IR) cam-

eras are determined, including a radial distortion
model. This is performed by observing a black and

white checkerboard of known size in multiple im-

ages. For this procedure we used existing toolboxes

implemented with OpenCV [4]. The approach has

been well documented, for example in [40]. Besides,

there exists a well built open source tool based on

ROS [16] with detailed instruction. A point of in-

terest is that the infrared pattern projected by the

RGB-D camera interferes with the corner detec-

tion on the IR images of the checkerboard. There-

fore, it is necessary to place something in front of

the IR projector which diffuses the infrared light

pattern (a white sheet of paper sufficed in our ex-

periments). This allows the treatment of the IR

image as a standard monochrome image.

The second step is determining the extrinsic

matrix between the IR and RGB cameras. This

can be performed by treating the two cameras as

a stereo pair, and calibrating by using a checker-

board observed in multiple images. Stereo camera

calibration is also a well studied problem. We use

an implementation based on the OpenCV stereo

calibration functions [4]. Treating the two cameras

as a stereo pair can be achieved by the diffusion of

the IR image described above.

Once the RGB-D image is properly formed,

we can represent the image as a dense, 3D point

cloud. Given a pixel q = [U, V, Z]T , where U and V

are the image coordinates, and Z is the measured

depth, in meters, we can express q as a 3D point

p = [X,Y, Z]T , in the camera coordinate frame:

X =
Z

fx
(U − cx) (1a)

Y =
Z

fy
(V − cy) (1b)

where fx, fy are the focal lengths, and cx, cy are

optical centers of the RGB-D image, taken from

the RGB-D intrinsic matrix. We treat U , V , Z as

random variables. The former two reflect the un-

certainty location in sparse features such as cor-

ners. The latter reflects the error in the sensor’s

depth measurements.

3.2 Depth bias calibration

Once we have obtained the intrinsic and extrin-

sic camera matrices, we can use the RGB camera

as a source of reference for calibrating the depth

camera. While not a real ground-truth measure,

we assume that the measurement of the pose by

using SLAM and checkerboard pose estimation is

significantly more accurate than the depth data re-

turned in the depth image. We note that the results

of any subsequent depth calibration are subject to

the quality of the extrinsic, intrinsic, and distor-

tion model calibration of the cameras, as well as

the SLAM pose estimation. To calibrate the depth

bias, our method takes three steps (see in Fig.3):

– (1) Initial pose estimation: We attach a large

checkerboard on a flat wall very tightly. Then,

we put the camera facing toward the wall and

start recording videos. For the first frame, we

perform RANSAC projective-n-points (PNP)

algorithm to estimate the initial transforma-

tion between the checkerboard and the camera,

e.g., TCA
CB .

– (2) Plane fitting: Once we obtain the initial

pose, TCA
CB . We can transform the point cloud

of the first frame to the checkerboard coordi-

nate system. Then, we perform plane fitting to
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Fig. 3 The depth bias calibration system setup proposed in this paper. It follows the three steps as described in
Section 3.2. First, we use checkerboard to obtain the initial transformation from the camera to the wall plane TCA

CB

and perform wall plane fitting to obtain the depth ground truth. Then, we estimate the pose of each RGB-D frame
based on ORB-SLAM2. The depth error is calculated by comparing to the wall plane.

obtain the center CBP and the normal CBN of

the wall plane.

– (3) SLAM pose estimation and depth error cal-

culation: For each new frame, we obtain the

pose using SLAM and transform to the checker-

board coordinate system. Then, we can simply

calculate the error of each 3D point based on

the initially estimated plane {(CBP,CB N)}.

For performing the depth calibration, we did

two separate experiments in both indoor and out-

door environments. The setup is illustrated in Fig.3,

we use a large checkerboard (both chessboard and

Aruco board [10] are used) printed on a thin card-

board and then attach it to flat wall surfaces tightly.

Since there is a limit on how large we can print the

checkerboard on a flat surface, when we move the

checkerboard further away from the camera it does

not cover the entire field of view of the RGB image.

Therefore we need to shift the checkerboard and

create an image mosaic. For outdoor scenario, if a

flat wall is available, we could attach the checker-

board to the wall and observe it from various dis-

tances.

To mitigate the effects of the noise in the depth

readings, we collected: 1) Indoor: checkerboard with

an averaging 1000 consecutive depth images, Aruco

board with an averaging 2700 consecutive depth

images; 2) Outdoor: checkerboard with around 5000

consecutive depth images from a large flat wall. An

RGB and (average) depth image together form a

training pair. Fig. 4 shows an example of two train-

ing pairs.

In each training pair, we estimate the pose of

the camera using our pose estimate system (in

Fig. 4 Example of 2 sets of RGB-D training pairs used
for the depth calibration, which are indoor and out-
door RGB-D frames respectively. The RGB-D frames
are taken at different distance.

Fig. 5 Left: reference checkerboard images, detected
from the RGB image using our pose estimation sys-
tem. Center: corresponding measured checkerboards in
the depth image. Image shows 50 checkerboards (173
were used for the actual calibration). Right:close up (top
view) of a single reference and measured checkerboard
pair, clearly showing the discrepancy between the ex-
pected and depth readings.

Fig.3) in the RGB camera frame. Next, we trans-

form them into the IR camera frame using the

extrinsic matrix between the cameras. We gener-

ate a ground-truth (reference) depth image defined

by the fitted wall plane {(CBP,CB N)}. For indoor
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Fig. 6 Comparison of depth calibration results for a
two different pixels in the image ([522, 126] and [103, 30])
using (a) PNP and (b) our pose estimation. The figure
shows the polynomial fit (solid line) and its deviation
from the ideal sensor (dashed line). In (a), we can see
that one of the pixels systematically overestimates the
depth Z, while the other pixel systematically underes-
timates it. In (b) we can easily derive that all the pixel
will under estimate if Z is over 4 meters. Based on our
observation, we found (a) is a wrong conclusion.

scenario, any pixels which are outside the checker-

board are not used, while the outdoor scenario

keeps all the pixel on the wall plane. Thus, the in-

door training image pair only allows for calibration

in a small area of the image, which gets smaller as

the checkerboard is placed at greater distances. Ef-

fectively, this means that we need to record a large

number of training pairs in order to cover the en-

tire field of view. Fig. 5 shows an overview of the

data we collected in indoor environment. On the

left is a side view of multiple reference checker-

boards. In the middle are the corresponding mea-

sured depth readings for each checkerboard. On

the right is a closeup for the reference and mea-

sured locations for a single checkerboard, clearly

showing the discrepancy between the two. Note

that for clarity, the image only shows 50 checker-

board images.

Once all N training images are collected, we

create a set of training points for each checker-

board pixel in each image. We denote the measured

distance at a pixel q = [u, v] as z
(i)
uv , and the cor-

responding reference distance Z(i)
uv . Since the same

pixel q will be observed at multiple images, we use

i to express the index of the training image. We de-

fine a “corrected” reading z̃uv described by a set

of c0uv, c1uv and c2uv coefficients:

z̃uv =

n∑
i=0

ciuv · ziuv (2)

In this paper, the total error function for a

given pixel location u, v can be defined as

e(u, v) =
∑
i

(
Z(i)

uv − z̃(i)uv

)2
(3)

where i iterates across all the images where the

pixel u, v was inside the checkerboard area, ciuv
denotes per-pixel coefficients. We also notice the

same problem which was discussed in [1], that is,

what should be the best polynomial order n to fit

the depth error distribution over each pixel. To

find the best model for depth bias fitting, we valid

the options in an experimental approach, where we

select the order as n = {2, 3, 4, 5, 6, 7, 8} and then

learn their polynomial coefficients respectively based

on the principle,

arg min
c0:2uv

e(u, v) (4)

We accomplish this by fitting a n−order poly-

nomial to the data. The raw depth and error dis-

tribution over each pixel is illustrated in Fig.6,

we perform two pose estimation approaches to ob-

tain the error results, which are PNP based on

checkerboard and our proposed coupled pose es-

timation method (see Fig.3). The figure demon-

strates that some parts of the depth image consis-

tently overestimate the depth reading, while others

consistently underestimate it. Based on the ground

truth we have, we believe the PNP approach intro-

duced none-negligible depth error to the system.

Again, we calculate the error based on the wall-

fitting at the initial stage, and then simply cal-

culate the distance from the point to the wall as

error. To decide which order of polynomial should

be chosen, we valid a total of 7 different orders,

n = {2, 3, 4, 5, 6, 7, 8}. It can be seen in Fig.8 that

second order polynomial achieves almost the same

performance as the eighth order fitting. Also, depth

correct can largely decrease the systematic depth

error. Thus, in this paper, we choose to use the sec-

ond order fitting for both accuracy and time per-

formance considerations. Since the fit is performed

for each pixel, the end result is 640 × 480 sets of

coefficients. In our implementation, we store them

as three VGA images Ic0 , Ic1 , Ic2 , each for the re-

spective coefficient ranks.

Once the coefficient images are recovered, they

can be applied to incoming depth images to “un-

warp” them and remove the systematic bias in the

depth reading on a per-pixel basis. The results of

the unwarping for a single depth image are dis-

played in Fig. 7. The figure shows the point clouds

reconstructed from the original depth image and
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Fig. 7 Top-down view of point cloud created by ob-
serving a flat wall with furniture in front of it. The
image shows the point cloud before and after apply-
ing the polynomial correction. The unwarp behavior is
especially visible at upper side of the image.

the unwarped one. We also perform rooted mean

square (RMS) analysis for the error between the

measured distance z in the depth image and refer-

ence Z obtained from the RGB checkerboard im-

age. Fig.8 presents the results for an Asus Xtion-

PRO sensor. We define the RMS errors for a given

the uncalibrated and calibrated image i as:

e(i)rms =

(
1

n

∑
u,v

(
Z(i)

uv − z(i)uv

)2) 1
2

(5a)

ẽ(i)rms =

(
1

n

∑
u,v

(
Z(i)

uv − z̃(i)uv

)2) 1
2

(5b)

where u and v iterate over all the checkerboard

pixels observed in that image. Each data point in

the figure represents the RMS error of z over all the

pixels in a given checkerboard test image, versus

the average depth of the checkerboard. the results

with and without calibration are displayed. The

figure shows that the RMS error is significantly

lower when the polynomial unwarping is performed

on the depth images, and the error improvement

becomes more pronounced as the distance between

the object and the camera grows.

We performed the same procedure with a depth

camera embedded in a mobile device - Peanut,

Google’s Project Tango prototype cell phone [12].

The depth camera, which is based on the same

structured light technology as the the Asus cam-

era, exhibited much higher initial biases (as high

as 1.5 m at a distance of 3 m in some areas of

the image). After calibration, we were able to re-

duce the RMS error by approximately an order of

magnitude (Fig. 9).

Fig. 8 Mean RMS error in Z before calibration e
(k)
rms

and after ẽ
(k)
rms, for Asus Xtion-PRO camera. Each data

point represents the mean RMS error over the wall plane
at varying distances Z from the camera. We illustrate
depth error using second order to eighth order fitting.

Fig. 9 RMS error in Z before calibration e
(k)
rms and af-

ter ẽ
(k)
rms, for depth camera on mobile device. Each data

point represents the error over the checkerboard pixels
in the i-the checkerboard image. Multiple checkerboard
images at varying distances Z from the camera are used.

3.3 Depth uncertainty analysis

Khoshelham and Elberink [21] present the follow-

ing formulation for the uncertainty in Z:

σz =
1

fb
σdµ

2
z (6)

where f is the effective IR camera focal length,

and b is the baseline distance between the IR cam-

era and IR projector. After calibration, the authors

in [21] obtain the following expression:

σz = 1.45× 10−3µ2
z (7)

where µz and σz are expressed in meters.

We extend the model in two ways. First, the

locations of features detected by a sparse feature

detector are subject to error; therefore, we allow
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Fig. 10 Uncertainty analysis for the depth readings of an RGB-D camera. Left: RGB image, shown for visualization
only. Right: observed (ground truth) uncertainty (σ̄z), obtained by taking 200 depth images of a static scene and
calculating the mean and standard deviation on a per-pixel basis. Color is scaled as the log of the uncertainty.
Center-left: uncertainty predicted from a single depth image, according to the simple model (σz). Center-right:
uncertainty predicted from the same depth image, according to the Gaussian mixture model (σ̂z). We demonstrate
the Gaussian model uncertainty predicts the true uncertainty more accurately, especially around object edges.

for uncertainty in the U and V variables. Second,

we assume that the depth uncertainty is dependent

not only on the depth readings of a given pixel, but

also on its neighbors in a local window. We will

show that using these assumptions, we can pre-

dict the magnitude of the depth uncertainty better

than the previously published model.

Let us begin by assuming that U and V are in-

dependent random variables distributed according

to a normal distribution N (µu, σu) and N (µv, σv)

respectively. Further, let σu and σv inform the fol-

lowing approximate Gaussian kernel of size 3× 3:

W =
1

16

 1 2 1

2 4 2

1 2 1

 (8)

Assuming that Z is normally distributed, we

can define a random variable Ẑ, which is a mixture

of the Z variables in a local window {i :∈ [µu −
1, µu + 1], j ∈ [µv − 1, µv + 1]}. The weights of the

mixture wij are chosen according to the kernel W .

The mean and variance of the resulting Gaussian

mixture Ẑ are

µ̂z =
∑
i,j

wij

(
µzij

)
(9a)

σ̂2
z =

∑
i,j

wij

(
σ2
zij + µ2

zij

)
− µ̂2

z (9b)

At this stage, we have two alternative models

for the uncertainty: σz, estimated according to the

simple model in equation 6, and σ̂z, estimated ac-

cording to the Gaussian mixture model. To eval-

uate which model has more predictive power, we

gather n depth images of a static scene. For each

pixel in the image, we calculate the uncertainty σ̄z
in the metric depth z according to

µ̄z =
1

n

n∑
m=1

zm (10a)

σ̄2
z =

1

n− 1

n∑
m=1

(µ̄z − zm)
2

(10b)

We call this the observed uncertainty. When

n is large (we used 200 images) we can assume

that the observed uncertainty approaches the true

uncertainty for the RGB-D camera measurement.

Next, we take a single depth image, and generate

the two predicted uncertainties σz and σ̂z. Fig. 10

shows a comparison between the observed and pre-

dicted uncertainties according to both models. We

note that the Gaussian mixture model predicts the

uncertainty much better than the simple model,

especially around the edges of objects. This comes

from the fact that the RGB-D camera produces

readings for edge pixels, which tend to jump from

foreground to background.

3.4 3D distribution

We can estimate the 3D uncertainty Σ of a point

p from Eq. 1.
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Σ =

 σ2
x σxy σxz

σyx σ2
y σyz

σzx σzy σ2
z

 (11)

where

σ2
x =

σ2
z(µu − cx)(µv − cy) + σ2

u(µ2
z + σ2

z)

f2x

σ2
y =

σ2
z(µu − cx)(µv − cy) + σ2

v(µ2
z + σ2

z)

f2y

σxz = σzx =
σ2
z(µu − cx)

fx

σyz = σzy =
σ2
z(µv − cy)

fy

σxy = σxy =
σ2
z(µu − cx)(µv − cy)

fxfy

The above expressions are derived with µz and

σz from the simple depth uncertainty model. We

can then approximate Σ in terms of the Gaus-

sian mixture model by replacing µz and σz with

µ̂z and σ̂z respectively. We approximate p as a

multivariate Gaussian distribution with mean µ =

[µx, µy, µz]T and covariance Σ.

4 Trajectory estimation

4.1 Overview

The entire visual odometry pipeline is shown in

Fig. 11. The trajectory estimation takes four steps

as illustrated in the figure: 1) firstly, feature de-

tection over the intensity image; 2) secondly, 3D

back-projection and covariance calculation based

on Section.3.3; 3) thirdly, 3D feature point cloud

(’model’) based ICP pose estimation; 4) finally, up-

date the feature point cloud using Kalman filter.

We take advantage of the filter-based approach to

update the feature point cloud and use the feature

point cloud to estimate the current pose. Thus, the

current frame pose estimation does not only relies

on the last frame but also relies on all previous

frames that captured the same features.

The estimation begins with extracting sparse

features in each incoming RGB-D image It. The

features are detected on the intensity channel of

the RGB image. We have experimented with sev-

eral choices of feature detectors, including SURF

[2], ORB [31], and Shi-Tomasi [33] keypoints. While

our implementation offers a configurable choice be-

tween them, we found that the Shi-Tomasi fea-

tures offer the best trade-off between robustness

and computational speed. Besides, we spatially split

an intensity image into 8 patches, and force the

feature detector to detect the same number of fea-

tures in each patch. It is able to provide a more

accurate pose estimation.

Next, we back-project the feature to 3D space

and estimate the 3D normal distribution for each

feature, according to the uncertainty equations de-

fined in Sec. 3. From this, we generate a set of 3D

features D = {di}. Each feature d = {µ[D], Σ[D]}
has a mean and covariance matrix. The D set is

expressed in the camera reference frame.

Meanwhile, we initialize a global feature point

cloud M = {mj}, with m = {µ[M ], Σ[M ]}, ex-

pressed in the world coordinate frame. It is called

’model’ in this paper, and it is used to perform a

3D (model) to 3D (current frame) Iterative Clos-

est Points (ICP) [3] based pose estimation. In con-

trast, the frame-to-frame based pose estimation

only relies on the last frame [25], and does not take

advantage of the historical observations. Thus, it

is easy to drift without using bundle adjustment.

Our proposed ’model’ which integrates the histori-

cal observations is able to provide a more accurate

pose estimation.

Then, the trajectory estimation is basically the

process of aligning the current feature point cloud

D to the global model M . This happens in two

steps. First, we align Dt to Dt−1, where t is time

step, using a 3-point RANSAC [9] transformation

estimation. Second, we align Dt to the previous

model Mt−1, using the transformation estimated

by RANSAC as a initialization to do ICP. Note

that we do not use the associations generated by

RANSAC to do ICP, but choose to compute them

all over iteratively using the nearest neighbor search.

This is because the associations from RANSAC

are only between the current and last frame, while

in the ICP step we are interested in aligning the

3D features to the global model M , which poten-

tially contains features not seen in the previous

frame. While this might seem like a duplicated ef-

fort, in practice the model M keeps updated con-

sistently thus a single or few abnormal pose esti-

mation will not affect the robustness of the overall

performance.

Once the final transformation is found using

the above two-step approach, we transform the set

Dt into the global frame (expressed as D
′
t). Fi-

nally, we establish the final correspondences be-

tween the two sets D
′
t and Mt−1. Re-observed

features in the ’model’ Mt−1 are updated using

a Kalman filter, and new features are added to the

10



Fig. 11 Pipeline for the trajectory estimation. We align
sparse feature data from the current RGB-D frame to
a global model. The data is represented by 3D points
with covariance matrices.

model Mt−1, resulting in the new model Mt. The

rest of this section describes the details of the third

and fourth steps on how to perform pose estima-

tion and model update.

4.2 Model registration

This section discusses the pose estimation that uses

the two-step approach as discussed in Section. 4.1.

We first use RANSAC to estimate the initial guess

of the current frame for the first step. It involves

with a feature matching between the current frame

and last frame. For the second step, we begin with

defining a distance function dist which measures

the distance between two features fa, f b. Each fea-

ture is normally distributed with means µa and µb

and covariance matrices Σa and Σb.

dist(fa, f b) =
√
∆fafb(Σa +Σb)−1∆T

fafb
(12)

where

∆fafb = µa − µb (13)

The distance function is based on the Maha-

lanobis distance from a point to a distribution.

Then, we use ICP to align the data set D to

the model set M . The ICP algorithm has 2 steps

of interest: 1) generating correspondences between

the two input sets, and 2) calculating the transfor-

mation which minimizes the distance between the

correspondences. In a classical ICP formulation,

the correspondences are generated using nearest

neighbors in Euclidean space; the transformation

is also estimated by minimizing the sum of squared

Euclidean distances.

In this paper, we propose using a modified ICP

algorithm, in which we establish approximate cor-

respondences using the Mahalanobis distance. First,

we build a kd-tree [24] of the model M , by using

the means of the features. Next, for each feature

d in the data D we find the k nearest Euclidean

neighbors from M . Finally, we iterate through all k

candidates, and find the one which has the smallest

Mahalanobis distance. This allows us to leverage

the efficiency of kd-trees, which cannot be directly

used with non-linear functions such as the Maha-

lanobis distance. In our implementation, we use a

small size for k (for example, 4).

The rest of the ICP algorithm remains the same.

We note that while it is possible to optimize a Ma-

halanobis distance as the objective function for the

best transform, we do not do so, and this is a pos-

sible area of improvement. An example of an al-

gorithm which implements a similar optimization

(albeit in the context of dense data) is Generalized

ICP [32].

4.3 Data association and model updating

This section addresses the model updating, which

consistently fuses the historical observations to the

global model. For model updating, we begin by

data association step via rotating the data set D

into the global frame of reference, and refer to it

as D
′
. Let the current transformation between the

global and camera coordinate frames is T , consist-

ing of a rotation and translation:

T =

[
R t

0 1

]
(14)

We can transform the mean vector and covari-

ance matrix according to:

µ
′

= Rµ + t (15a)

Σ
′

= RΣRT (15b)

Next, for each point d
′

i in the transformed Data

set, we find the approximate nearest Mahalanobis

neighbor mj in the Model.

dist(d
′
,m) =

√
∆d
′
m(Σ[M ] +Σ[D′ ])−1∆T

d
′
m
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We consider two points to be associated if the

distance between them is lower than a threshold

ε. Typical values for ε include 7.82 or 11.35. The

two thresholds correspond to the 95% and 99%

probability tests that the data point is sampled

from the given model distribution.

Any features in D
′

which cannot be associated

are inserted as new members in M . The model is

bounded in size, so if the maximum allowed size

is exceeded, we remove the oldest features in the

model. This is achieved by using a ring-buffer im-

plementation.

For each feature which is associated, we per-

form a Kalman filter update. We treat the distri-

butions m as the prior, and the distribution d as

the observation.

Since we do not have a prediction in our model,

it keeps the same as the prior state of the model

at timet− 1, that is,

µ̃t = µ
[M ]
t−1 (16a)

Σ̃t = Σ
[M ]
t−1. (16b)

Then, the new observations are used to update

the associated feature states at time t by applying

the following equations,

Gt = Σ̃t

(
Σ̃t +Σ

[D]
t

)−1

(17a)

µ
[M ]
t = µ̃t +Gt

(
µ

[D]
t − µ̃t

)
(17b)

Σ
[M ]
t = (I −Gt) Σ̃t (17c)

where G is the kalman gain, µ
[M ]
t is the global

associated global feature points, µ
[D]
t is the current

observation.

5 Post Bundle adjustment and

reconstruction

This section discusses the post-processing towards

global Bundle adjustment to achieve 3D structure

reconstruction. We also adopt using keyframes to

represent and reconstruct a scene klein2007parallel.

New keyframes are generated heuristically, using

either distance or overlap metric. The distance met-

ric triggers a new keyframe when the linear or an-

gular distance traveled between the current camera

pose (as reported by the visual odometry) and the

camera pose of the last keyframe exceeds a cer-

tain threshold (for example, 0.3m or 30 degrees).

The overlap metric triggers a new keyframe when

Fig. 12 Place recognition pipeline, showing the binary
candidate matrix (Q), correspondence count matrix
(C), and binary association matrix (A). The method
for building Q and applying the correspondence test are
different in the brute-force and heuristic algorithms we
present.

the number of features in the data set D which

have a correspondence in the model M falls under

a certain threshold.

Each of the RGB-D keyframes informs a ver-

tex in a graph. The vertex is described by the

keyframe’s 6-DoF pose. Edges in the graph are de-

scribed by the relative pose between two keyframes.

The visual odometry pipeline provides the edge in-

formation for time-consecutive keyframes. To per-

form large-scale loop closure and global alignment,

we need to detect pairs of non-consecutive keyframes

and a relative pose between them. Once the graph

is built, we optimize for the pose of all keyframes

using a non-linear graph optimizer (g2o, [22]). Cur-

rently, the pose graph adjustment does not modify

the location of the features in the model used for

trajectory estimation. However, since we perform

the alignment as the final step at the end of the

reconstruction run, this is not an issue.

The main problem in the approach described

above is finding pairs of RGB-D keyframes that

observe the same scene, so we can calculate their

relative pose. We refer to this as the place recogni-

tion problem. Our general approach to the place

recognition problem is the following: select a pair

of images, try to align their 3D features using a

sample-and-consensus algorithm, and mark them

as correlated if the algorithm finds a transforma-

tion model with a large number of inlier features.

We present two ways to implement this approach:

a brute-force implementation, which is determin-

istic, and considers all possible image pairs and

transformation models, and a heuristic implemen-

tation, which uses non-deterministic, randomized

algorithms to find corresponding images and trans-

formations. The former approach is prohibitively

computationally expensive, but it’s complete, so

we use it as a bench-mark to validate the perfor-

mance of our heuristic approach, which is compu-

tationally efficient.
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The generalized form of both approaches can

be seen in Fig. 12. We have a set of keyframes K

with size k. First, we create a binary candidacy

matrix Q of size k × k. For any element Qij = 1

we perform a pairwise matching test between Ki

and Kj . The number of corresponding matches is

stored as Cij , forming the correspondence matrix

C. Finally, we apply a threshold of minimum corre-

spondence count on C to obtain the binary associ-

ation matrix A. The details of how the correspon-

dence matrix C is created and what the pairwise

matching test consists of are described below.

5.1 Brute-force place recognition

In the brute force place recognition algorithm, the

candidacy matrix Q has 1 in every entry. For the

pairwise matching test, we developed an algorithm

called ExSAC, or Exhaustive Sample And Consen-

sus. ExSAC is a deterministic version of RANSAC

which considers every possible set of (fixed-size)

samples to find the best model. In our case, the

minimum sample size to determine the 6DoF trans-

formation is 3 features. Thus, we use 3-point ExSAC,

which considers all combinations of 3-point corre-

spondences between a pair of RGB-D images. For

each 3-point set, a rigid transformation is com-

puted, and the number of features which are inliers

to this model are counted. The output of the al-

gorithm is the size of the best model, and the cor-

responding transformation. If we account for the

symmetry of the test, and exclude reflexive test-

ing, the pairwise matching is performed in total

(k − 1)2/2 times, or O(k2). The size of the best

model is stored in the correspondence count ma-

trix C, which is then thresholded to obtain the

association matrix A.

5.2 Heuristic place recognition

In the heuristic place recognition algorithm, we

first compute a match-count matrix M. An entry

Mij corresponds to the number of features in Ki

which have their top nearest neighbors (in feature

descriptor space) present in Kj . Next, for each in-

dex i, we consider the N top-scoring keyframes, in

terms of match count, and mark them as 1 in the

candidacy matrix Q. The result is that Q has at

most Nk candidates. For each candidate, we apply

the 3-point RANSAC test to determine the num-

ber of correspondences. From there, the algorithm

is the same as its brute-force counterpart.

Table 1 Place Recognition Rates

N candi-
dates

False negatives Recognition rate

5 169 out of 887 0.809
10 35 out of 887 0.961
15 26 out of 887 0.971
20 19 out of 887 0.979

The advantage of the heuristic test comes from

the fact that the correspondence test needs to be

performed O(kN) times, with N << k. Further-

more, since the correspondence test uses random

sampling instead of exhaustive sampling, we can

use much fewer iterations to find a model which

approximates the best optimal model. The main

free parameter in the heuristic approach is N , or

the number of top candidates to consider.

The results for a dataset of 250 keyframes can

be seen in Fig. 13. On the left is the correspon-

dence count matrix C for the brute force test, and

the respective association matrix A. On the right

is the candidacy matrix Q using the heuristic ap-

proach, and the respective association matrix A.

The heuristic association matrix is nearly identi-

cal to the brute-force association matrix, validat-

ing the approach. We further analyze the recogni-

tion rate of the heuristic approach, using the brute-

force as a baseline for comparison. We define the

recognition rate as

1− false negatives

total associations
(18)

where “Total associations” is the number of

keyframe pair associations established by the brute

force approach, and “False negatives” is the num-

ber of associations which were missed by the heuris-

tic approach. The results for different number of

candidates N are shown in Table 1.

6 Experiments

In this section, we evaluate our VO system in three

aspects and compare with other state-of-the-art

methods in both depth correction and localization

area, using the results generated by our mobile

platform which only has an Atom 1.6 Ghz proces-

sor with only 2 Gb RAM. Our open-source code

includes all the methods discussed in this paper

to facilitate other researchers to repeat the exper-

iments.
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Fig. 13 Left to right: 1) Correspondence count matrix C for the brute force test (log scale). 2) Respective brute-
force association matrix A. 3) Candidacy matrix Q using the heuristic approach, showing top N = 10 candidates.
4) Respective heuristic association matrix A

6.1 Model VS Frame-to-frame based ICP

In the first experiment, we perform a qualitative

evaluation of our visual odometry pipeline with

RGB-D data recorded in an indoor environment

with no ground-truth data. The camera is moved

along a loop, and placed back at its starting point.

We replicate the data 5 times to simulate the ex-

act same loop. Fig. 15 shows the trajectories gener-

ated using our persistent model pipeline (left), ver-

sus trajectories generated by frame-to-frame ICP

(right). We show that our approach is able to cor-

rectly solve small loops, keeping the trajectory er-

ror bounded. Fig. 16 shows the respective sizes

of the model and data feature sets. The model

set grows in size during first loop, while the en-

vironment is observed for the first time. In subse-

quent loops, very few new features are added to the

model, since most of them are correctly reobserved

and associated.

6.2 Benefits of Depth Correction

In the second set of experiments, we discuss the

benefits of the depth calibration from two per-

spectives, which are, trajectory accuracy compari-

son and 3D reconstruction error comparison. Since

there is no such publicly available dataset for depth

calibration performance evaluation, we create a new

data set based on the TUM RGB-D dataset [36].

Although the TUM RGB-D has already provided a

sequence for depth verification, the sequence only

covers the lower part of the image if the distance

between the camera and the chessboard exceeds

2 meters. It is impossible to obtain the pixel-wise

depth calibration parameters beyond this distance.

In order to obtain a dataset containing both

’ground truth’ depth and ’biased’ depth, we em-

Fig. 14 Qualitative mesh comparison with/without
depth calibration. (a) The color mesh of fr1 xyz dataset.
(2) The mesh comparison between the depth corrected
mesh (yellow) and the raw depth mesh (green).

ploy our depth calibration parameters (for exam-

ple, pixel [320, 240] parameter illustrated in Table.2)

over the ’ground truth’ depth images, where the

’ground truth’ is the raw depth image from the

TUM dataset. Since our model is a second-order

polynomial equation, we employ this to the ground

truth depth in an inverse approach. In Table.2,

ci0, i = 0, 1, 2 denotes parameter of each order.
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Table 2 The depth calibration parameters of pixel
[320, 240].

second or-
der

first order constant

c20 = 4.76e−03 c10 = 9.65e− 01 c00 = 1.0

Table 3 ATE (/m) comparison between with and with-
out depth calibration.

Dataset
ATE with
depth correc-
tion

ATE with-
out depth
correction

fr1 xyz 0.0126 0.0135
fr1 rpy 0.0243 0.0264
fr1 360 0.1408 0.1248
fr1 desk 0.0206 0.0229
fr1 desk2 0.0419 0.0378
fr1 floor 0.0353 0.0490
fr2 rpy 0.0104 0.0108
fr2 desk 0.0136 0.0139
fr2 360 kidnap 0.0773 0.0795

We first compare the absolute trajectory error

(ATE) in two cases by running ORB-SLAM2 on

our GPU platform (12 core I7 CPU with 64 GB

memory), with and without depth correction. For

ATE evaluation, we use the open-source tool that

provided by the TUM RGBD data set, to evaluate

the trajectory. The result is illustrated in Table.3.

It shows that the ATE is smaller after depth cor-

rection with an average 8.74% improvement. We

also notice that we have slightly degraded perfor-

mance in fr1 360 and fr1 desk2 which is caused

by pose drift.

We also compare 3D reconstruction accuracy

and completeness in two cases, with and without

depth correction. In this paper, we choose 3D mesh

accuracy and completeness as a metric to compare

the reconstructed mesh [17]. For mesh accuracy,

it measures the distance from customer generated

mesh to the ground truth mesh, and completeness

defines the distance from the ground truth mesh

to the customer generated mesh. In this paper, we

use a publicly accessible tool provided by [38]. In

order to obtain the result in a limited time, we sub-

sample each mesh to 300, 000 vertex. The results

can be seen in Table.4. The table demonstrates

that the mesh reconstructed with depth correction

can achieve higher accuracy as well as complete-

ness.

6.3 VO Time Performance Comparison

In the third set of experiments, we evaluate the ac-

curacy of the trajectory estimation using publicly-

Table 4 3D Structure Accuracy and Completeness
Comparison (/m).

Dataset

Without
/ with
depth
correc-
tion

Mesh
Accu-
racy

Mesh
Com-
pleteness

fr1 xyz without 0.0300 0.0295
fr1 xyz with 0.0172 0.0121
fr1 360 without 0.2456 0.2714
fr1 360 with 0.2393 0.2520
fr1 room without 0.0363 0.0405
fr1 room with 0.0340 0.0327
fr1 floor without 0.0397 0.0415
fr1 floor with 0.0211 0.0210
fr1 rpy without 0.1012 0.1164
fr1 rpy with 0.0893 0.0971

available RGB-D datasets with ground-truth tra-

jectory information from a motion-capture cam-

era system [36]. Table 5 shows the RPE (Relative

Pose Error) for a number of different trajectories

in indoor settings. We have chosen the RPE metric

in order to evaluate the effectiveness of our visual

odometry system. In the experiment evaluating the

RPE error, we do not use our place-recognition or

pose-graph-based alignment. The table compares

error of our implementation (ccny rgbd) with an

existing implementation of [8] (RGBD-SLAM) and

ORB-SLAM2 [25]. The results show that our im-

plementation performs slightly better on most datasets

(approximately 1cm more error), slightly worse on

one dataset (3cm less error), and significantly worse

on one dataset (3cm more error) compared with

RGBD-SLAM. Our implementation performs slightly

worse on most dataset (3cm less error), and sig-

nificantly worse on 1 dataset (3cm more error)

compared with ORB-SLAM2. Besides, authors in

[25] provide detailed comparison with Dense Vi-

sual Odometry [20], and Elastic-fusion [13]. Re-

sults indicates that ORB-SLAM2 outperform all

these algorithms. Since our implementation is slightly

worse than ORB-SLAM2 and achieve comparable

performance in most cases, that is, our implemen-

tation can achieve comparable localization perfor-

mance with Dense Visual Odometry and Elastic-

fusion.

When comparing the results, we emphasize that

our implementation runs in real time (30Hz) on

VGA data using a single core of a desktop com-

puter. Moreover, the processing time for each im-

age is on average 22ms, and almost never exceeds

33ms, resulting in minimal latency (see Fig.18).

We were able to obtain similar results on an Atom

1.6 Ghz processor using QVGA resolutions. Using
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Fig. 15 Comparison of trajectory estimation with per-
sistent model (left) vs frame-to-frame ICP. Top row: side
views, xz-plane. Bottom row: top view, xy− plane. The
trajectory shown consists of 5 repeated loops, with ap-
proximately 2000 images processed in each loop.

the same setup and default parametrization for

the RGBD-SLAM implementation, we were able

to obtain frequencies of 5 to 10Hz on the desk-

top machine, and unable to run in real time on

the Atom computer. Besides, we also compared the

time performance with ORB-SLAM2, which are il-

lustrated in Fig.19. ORB-SLAM2 applies local and

global loop closing toward online pose estimation,

however, as we can notice that it is still not suit-

able for real time processing on computationally

constrained platform. The average processing time

for ORB-SLAM2 is over 100 ms (see in Fig.19 (a)

and (c)), which can only provide a 7 HZ output

as we detected using ROS Frequency Check. For

our VO implementation, it produces a much bet-

ter performance with approximate 40 Hz output,

that enables real time pose estimation for robot

navigation application.

Thus, we believe our pipeline offers a very com-

putationally efficient solution at a small cost of

accuracy. This trade-off is especially important for

systems which require real-time perception such

as Micro-air vehicle flight which motivate our re-

search. Fig. 20 shows the trajectory of the visual

odometry (VO) pipeline for the freiburg2 desk

dataset. The figure also shows the trajectory after

the pose-graph optimization, which was performed

offline at the end of the experiment.

In the fourth experiment, we evaluated the ef-

fectiveness of the entire system, including the depth

calibration, trajectory estimation, and pose-graph-

based global alignment. We performed a large-scale

indoor mapping experiment. We used an Asus Xtion-

PRO camera carried by hand, exploring three rooms

and returning to the original position in the first

Fig. 16 Size of the Model and Data set sizes for the
experiment in Fig. 15

Fig. 17 The trajectory comparison of two tests in out-
door environment. We put the RGB-D camera on a mov-
ing Cart with a level. The trajectory is close to a straight
line. (a) and (b) denote the XOZ view and YOZ view
of the trajectory obtained from our system and PNP
approach of test 1. (c) and (d) are the results of test 2.

room. The results of the experiment can be seen

in Fig. 1.

6.4 Pose System and Depth Correction Toward

Accuracy

Finally, we explore how depth bias calibration af-

fects the different modules in the system and also

how our pose estimation system outperforms the

single checkerboard approach. The result is illus-

trated in Fig.17, we can clearly find out that pose

estimation using a single checkerboard and PNP

method can only provide acceptable accuracy within

3 meters. The error will increase to as high as 6 me-

ters in both X and Y axis. For depth Z, the error

could increase as high as 2 meters, which affect the

depth bias prediction a lot.
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Table 5 Relative Pose Error [meters]. fr1 denotes
freiburg1, and fr2 denotes freiburg2 in TUM dataset.

Dataset
RGBD
SLAM

ORB-
SLAM2

ccny rgbd

fr1 360 0.089 0.045 0.121
fr1 desk 0.033 0.026 0.043
fr1 desk2 0.054 0.039 0.067
fr1 room 0.095 0.035 0.068
fr1 rpy 0.046 0.039 0.064
fr1 xyz 0.021 0.019 0.030
fr2 desk 0.017 0.024 0.023
fr2 rpy 0.010 0.008 0.023
fr2 xyz 0.006 0.016 0.008

fr3 loh n/a 0.021 0.028

We repeated the three-room experiment, with

and without unwarping the depth images using

our calibration model The results of the experi-

ment can be seen in Fig. 21. On the left is the

final map result (top-down orthographic projec-

tion) with the uncalibrated data. On the right is

the result using the unwarped (calibrated) data.

The figure demonstrates that the unwarped data

produces significantly better results, even with of-

fline graph-based optimization performed in both

cases. The systematic skew in the walls of the map

in the uncalibrated experiment can be attributed

to the slight concavity of the uncalibrated depth

data when observing flat surfaces, resulting in in-

correct trajectory estimation.

We further explored the benefits of our calibra-

tion procedure for systems that use other trajec-

tory estimation methods. In Fig. 22, we present a

reconstruction using a dataset obtained with the

Peanut device. The trajectory is pre-computed us-

ing a combination of visual-inertial odometry and

bundle adjustment based solely on the monocular

(non-depth) images. Thus, the trajectory is inde-

pendent of the depth bias. However, removing the

bias results in much cleaner scene reconstruction.

7 Conclusions

In this paper, we presented a calibration proce-

dure and uncertainty model for depth readings of

RGB-D cameras. The methods we described allow

3D points constructed from depth images to be

treated as zero-mean multi-variate Gaussian dis-

tributions with a known covariance matrix. This

is of interest to any system which performs calcu-

lations on RGB-D data where the precision and

accuracy are important. We demonstrate experi-

mental evidence of how the calibration procedure

affects visual odometry and mapping applications,

Fig. 18 Top: processing duration for each incoming im-
age. Horizontal axis:image index number. Vertical axis:
time required for feature detection (red) and alignment
and model update (blue). Bottom: size of the Data and
Model sets. Vertical lines mark the start of each repeated
loop.

Fig. 19 Time performance comparisons between our
VO and ORB-SLAM2. Where (a) and (c) show
processing time of ORB-SLAM on TUM dataset
freiburg1 360 and freiburg1 rpy. (b) and (d) are
the processing time of our VO, where we also illustrate
the feature detection, pose estimation, and feature reg-
istration time of our VO.

Fig. 20 Comparison of trajectories for the
freiburg2 desk dataset. Black: ground truth from
motion-capture camera system. Red: trajectory from
our visual odometry pipeline. Blue: trajectory from our
visual odometry pipeline, after pose-graph refinement.
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Fig. 21 Results from a large-scale 3D mapping ex-
periment with an Asus Xtion-PRO camera. Left: or-
thographic projection of the 3D map, created using
data without polynomial depth calibration. Right: re-
sult from same experiment, repeated with polynomial
depth image correction. Both maps are generated using
our visual odometry and pose-graph correction.

Fig. 22 Results from a 3D mapping experiment with a
Google Peanut mobile device. Left: orthographic projec-
tion of the 3D map, created using data without polyno-
mial depth calibration. Right: result from same experi-
ment, repeated with polynomial depth image correction.
Both maps are generated using pre-computed trajecto-
ries that do not rely on depth images.

and demonstrate the predictive power of our un-

certainty estimation model, which is able to es-

timate uncertainties around object edges better

than the previously published formulations in this

field. The calibration procedure requires that a

checkerboard is placed in multiple distances and

locations from the camera to obtain dense data,

and is reasonable for distances up to 4-5 meters.

Further, we presented a visual odometry sys-

tem for RGB-D cameras. The system uses sparse

features which are registered against a persistent

model of bounded size. The model is updated through

a probabilistic Kalman filter framework. In order

to achieve this, we developed a formulation for the

3D uncertainty in sparse features in RGB-D im-

ages, based on a Gaussian mixture model of read-

ings in a local image window.

Finally, we presented a place recognition pro-

cedure which is used to find correspondences and

relative transformations between non-consecutive

keyframes for doing pose-graph SLAM. We present

two approaches - an exhaustive one and a heuristic

one, and evaluate the recognition rate of the latter.

An implementation of our system, developed

for use with the ROS [30] framework, is available

for download under a free, open-source license from

our website (http://robotics.ccny.cuny.edu/).
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