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Active vision for 3D indoor scene reconstruction using a 3D camera on 

a pan-tilt mechanism 

We present a novel approach to automatic indoor scene reconstruction from 

RGB-D images acquired from a single viewpoint using active vision. The pro-

posed method is designed to select the next view with sufficient information for 

reliable registration. The next view is selected based on the percentage of unex-

plored scene regions captured inside the field of view and the information content 

in the overlapping region between the image acquired from the next view and one 

of the previously acquired images. It is required that this overlapping region con-

tains surfaces with different orientations, whose alignment provides a reliable es-

timation of the relative camera orientation. The point correspondences between 

views are established using the assumption of fixed viewpoint, imprecise infor-

mation about relative view orientation and local surface normal, without need for 

features based on texture or distinctive local shape. After completing a scan, the 

3D scene model is constructed by performing registration of the acquired depth 

images. Two algorithms are considered for that purpose: a point-to-plane ICP 

with point weighting based on the properties of the measurement noise and 

TEASER++. The proposed method is tested on the synthetic dataset Replica. 

Keywords: active vision; next-best-view; iterative closest point registration; point 

cloud; indoor scene reconstruction 

1. Introduction 

This paper addresses the problem of obtaining 360 scan of the robot's local environ-

ment using a 3D camera mounted on a pan-tilt mechanism (PTM). A 3D model of the 

local environment in the current robot position can be obtained using various 3D sen-

sors such as 3D LiDAR or a 3D camera. The advantage of the 3D LiDAR over 3D cam-

eras is 360 view angle. On the other hand, 3D LiDARs are much more expensive. 

Since a 3D camera has a limited field of view (FoV) and thus can capture only a region 

in the robot's environment, a fusion of multiple depth images is necessary to obtain a 



complete scene model. The main problem in fusion of multiple images is their registra-

tion, i.e. determining the camera poses from which the images are acquired with respect 

to a common reference frame (RF).  

In this paper, we propose a novel active vision strategy for the automatic crea-

tion of a local 3D scene model from a particular viewpoint using a 3D camera, where 

the camera FoV is expanded using a consumer-grade pan-tilt mechanism (PTM). It is 

assumed that the pan and tilt angle of the camera are known, but the uncertainty of this 

information is too high to allow building of accurate scene models without image regis-

tration. The proposed method is designed to select the next view with sufficient infor-

mation for reliable registration of the new view with the previously acquired depth im-

ages. At the same time, the new FoV must contain as many unexplored parts of the 

scene as possible.  

The proposed active vision algorithm is integrated into a 3D scene reconstruc-

tion system, specially designed for indoor environments characterized by uniformly col-

oured featureless flat surfaces, such as walls, floor, ceiling, doors, tables etc., where 

standard keypoint detectors cannot be relied on. Instead, we use inaccurate camera pose 

information provided by the PTM, local surface normal orientation and fixed viewpoint 

constraint to establish correspondences between points lying on featureless flat surfaces. 

The experiments presented in this paper demonstrate that even in this conditions accu-

rate 3D models can be obtained. 

Although the next-best-view (NBV) selection approach is the main contribution 

of this paper, in order to demonstrate its usefulness, we present a complete 3D model-

ling framework, which uses the proposed approach to acquire depth images and pro-

duces accurate environment models as the final result. A complete system overview of 

the proposed 3D indoor scene reconstruction system is shown in Figure 1. 



Figure 1. Overview of the proposed method for 3D indoor scene reconstruction using a 

3D camera on a pan-tilt mechanism. MPC stands for multiple point clouds. 

 

Two algorithms are considered for fusion of the acquired depth images: a point-

to-plane ICP algorithm and a state-of-the-art registration algorithm TEASER++ [1] . 

We believe that the proposed method is a useful tool, which can be applied for creating 

3D environment models using a consumer-grade 3D camera. The target application of 

the proposed method is in mobile robot navigation, where the local 3D environment 

models provided by the presented algorithm can be used for place recognition. How-

ever, the place recognition problem itself is not in the scope of this work.  

2. Related Research 

The aim of active vision is generally to elaborate control strategies to improve a percep-

tion task. In [2] the authors gave a broad survey of developments in active vision in ro-

botic applications. Most of the previous work in the field of 3D scene reconstruction are 

designed for hand-held cameras [3–6] and rely on human instinct reactions. Such ap-



proaches are often prone to error if the scanned environment does not contain a suffi-

cient number of distinctive features. To cope with this problem, some researches opted 

for automatic scene scanning. Such method was proposed by Tsai and Huang [7], where 

an RGB-D camera is mounted on a PTM and scans parts of a scene. Similarly, Byun 

and Han [8], use the same set-up to scan the entire room from its centre. Both ap-

proaches assume incremental changes in the camera pose between consecutive views in 

order to perform image registration using one of existing ICP methods. While that can 

secure a large number of images, it cannot guarantee sufficient information for success-

ful image registration, and at the same time usually requires significant computational 

resources. Furthermore, to prevent the motion blur, the camera must move slowly, re-

quiring relatively long scanning times.  

Other researchers found a solution to this problem by developing strategies for 

selecting the NBV. The NBV planning is a central task for automated 3D reconstruction 

in robotics. Cameras mounted on autonomous vehicles and robot arms determine the 

new robot position based on the NBV. The NBV purpose is to secure capturing suffi-

cient information for 3D scene reconstruction in as few steps as possible. An efficient 

NBV algorithm for 3D reconstruction of indoor scenes using active range sensing was 

proposed in [9]. The scanner used as a range sensor has 360° horizontal FoV, but lim-

ited vertical FoV. The NBV is given as the new position of the scanner in the observed 

environment. The gist of this approach was used for path planning for a mobile robotic 

platform designed for visual 3D reconstruction [10–12], and for 3D reconstruction in a 

table-top scenario [13,14]. An extensive overview of 3D reconstruction methods using 

3D cameras can be found in [15]. 

NBV algorithms can rely on different types of data, such as volumetric (e.g., 

voxel grids) or surface (e.g., triangulated meshes) representations. The problem of NBV 



selection for the volumetric reconstruction of an object by a mobile robot equipped with 

a camera is described in [16]. They choose the NBV as the view that provides the most 

gain in surface coverage and uncertainty reduction based on voxel occupancy likeli-

hood. Another example of voxel representation in the NBV strategy for a geometrical 

primitive reconstruction is presented [17]. They opted for selection of viewpoints based 

on the volume of unknown region that can be expected. Exploration is terminated after 

observing approximately 95% of a scene. An example of surface-based NBV is pro-

posed in [18], where the surface geometry components are determined sequentially 

from the eigenvectors, eigenvalues, view orientation, and the mean of the nearby points. 

Each surface point is processed and classified as either a core, frontier or outlier point. 

View proposals are generated to maximise sensor coverage of the estimated planar sur-

face around each frontier point. The NBV is selected based on minimising total travel 

distance. However, methods [16] and [18] do not consider indoor scenes of simple pla-

nar geometry which lack features for reliable registration. Our algorithm addresses this 

problem by requiring that the NBV overlaps with one of the previous views in such a 

way that the overlapping scene region allows unambiguous view registration. 

3. Active vision 

In this section, an active vision approach for selecting the NBV is proposed. A 3D cam-

era mounted on a PTM captures an image from the current camera position. The cap-

tured image is processed in order to select the next optimal viewing angle from the same 

viewpoint, or more precisely, the next optimal orientation of the PTM defined with the 

new pan angle α and tilt angle β. Hence, a viewing angle is described as a pair φ=(α, β). 

The set of all viewing angles from which the images were captured during the scene re-

construction process is denoted as Φ.  



Every captured image must overlap with some of the other images so that the in-

formation content of the overlapping image region has sufficient information for relia-

ble image registration. Furthermore, the next camera FoV must cover as much of the 

previously unexplored scene regions as possible. Consequently, the selection of the op-

timal next view direction is based on the following two cues: 

(1) the percentage of unexplored scene regions contained in the next FoV, and 

(2) the information content of the region in the image acquired from the next view 

which overlaps with one of the previously acquired images. 

3.1. Exploring the Scene 

In order to determine the percentage of unexplored scene regions contained in the next 

FoV, all previously explored scene regions are recorded using a unit cube centred in the 

current viewpoint. Using a unit cube as a representation of the 360° FoV of the consid-

ered camera system allows easier computation with insignificant error compared to us-

ing a unit sphere. The unit cube’s sides are divided into λC  λC square grid cells. Every 

cube cell corresponds to one optical ray from the camera’s viewpoint. Initially, every 

cube cell is assigned FoV depth index zero which indicates that the surrounding area of 

the camera is completely unexplored. After an image is captured, all unit cube cell cen-

tres are projected onto the image plane. If a cube cell centre is projected inside the im-

age, its FoV depth index is changed to a non-zero value which indicates an explored 

scene region.  

After projecting the current FoV onto the unit cube, the algorithm uses the up-

dated unit cube to create a list Θ of candidates θi for the next view. To ensure that the 

new FoV overlaps with a previous one, view candidates are selected so that the centre 

of each candidate FoV corresponds to the centre of a cube cell with FoV depth index 



greater than zero. Selecting a FoV whose centre is near the centre of one of the previous 

FoVs is redundant for the considered active vision task. To avoid this, we opted for a 

strategy with two values of the FoV depth index in order to distinguish regions of inter-

est for the NBV selection. A captured image can be divided into two concentric regions 

of interest: outer and inner, with assigned FoV depth indices one and two respectively, 

as shown in Figure 2(a). The inner region of interest represents a quarter of the total im-

age surface, and it would give redundant information if a point within this region would 

be the centre of the next view image. Selecting the next view with the centre in the outer 

region of interest would potentially secure enough image overlap for successful image 

registration and cover a significant part of the unexplored scene region. Consequently, 

regions of greater significance for the NBV selection are assigned FoV depth index one, 

while regions with lesser significance are assigned FoV depth index two. The next view 

candidates are generated only from the cube cells with FoV depth index one.  

After the next view is selected, the cube is updated. Each cube cell is projected 

onto the camera image. If the cell centre is contained within the image, then the cell is 

assigned the greater of the two values: the current cell FoV depth index and the FoV 

depth index corresponding to the region of interest in the image. This ultimately enables 

keeping a record of previously explored scene regions. An example of a unit cube with 

projections of ten FoVs is shown in Figure 2(b). 

The algorithm estimates the amount of unexplored region which would be con-

tained in every candidate FoV by computing the percentage of cells contained in the 

candidate FoV with FoV depth index equal to zero. This percentage is denoted in this 

paper by (θi). 

 



 

 (a) (b) 

Figure 2. Regions of interest for the NBV selection (a) and visualization of the projec-

tion cube and FoV depth indices assigned to the cube cells (b). The cube contains the 

record of ten views. Regions of a greater significance for active vision (FoV depth index 

= 1) are coloured green, while regions that would result in redundant views are coloured 

red (FoV depth index = 2). Unexplored regions (FoV depth index = 0) are coloured 

blue. 

3.2. Overlap Information Content 

By projecting the points of the k-th view to the image acquired from the l-th view, the 

algorithm checks which point from the k-th view is visible from the l-th view. To ensure 

that the overlapping region of two captured images has enough information for reliable 

image registration, we rely on the orientation of surfaces contained in this overlapping 

image region. For that purpose, each point in the image is assigned a normal represent-

ing the unit vector orthogonal to the local surface in the close neighbourhood of that 

point. The normal is directed from the surface outwards and indicates the orientation of 

the surface. In this paper, 3D points with assigned normal are referred to as oriented 3D 

points. Matching a pair of oriented 3D points between two views, whose normals are 

not parallel, provides sufficient information to determine the orientation of one view 

with respect to the other.  



In this paper, lpm,k denotes the 3D point corresponding to the pixel m of the k-th 

image represented in the RF of the l-th image and lnm,k represents the normal of point 

lpm,k. Distribution of surface orientations in the overlapping image region of the two 

considered views can be represented by the covariance matrix 

 𝛴𝑘𝑙 = ∑ 𝑛𝑘
𝑚,𝑘 𝑛𝑘

𝑚,𝑘
𝑇

𝑚∈𝑂𝑘𝑙
 (1) 

where Okl is the set of overlapping points between views k and l.  

The eigenvector corresponding to the largest eigenvalue of this matrix represents 

the dominant normal direction in the overlapping image region. The eigenvector corre-

sponding to the second largest eigenvalue represents the second dominant normal direc-

tion. If the second eigenvalue is sufficiently large, this indicates that there is a sufficient 

number of oriented points in at least two orthogonal directions, which would provide 

sufficient information for estimating all three degrees of freedom of the relative orienta-

tion between the two considered views. Hence, we define overlap information content 

(OIC) as the second-largest eigenvalue of covariance matrix Σkl. 

The OIC is computed between each candidate θi, acquired from view candidate 

list Θ, and all previous views φ ∈ Φ. The OIC computed for θi and one of the previous 

views φ is denoted by ψ(θi, φ). The highest of all OIC computed for a particular candi-

date θi is used to compute the candidate score. 

For faster calculation of the optimal next view direction cues, the captured im-

age is subdivided into smaller cells of λcell × λcell pixels, illustrated in Figure 2(a). Every 

cell is assigned a covariance matrix, calculated by (1) for all points in that cell, and the 

OIC is calculated by summation of the covariance matrices of the overlapping cells. 

We assume that the information about the camera viewing angle is known but 

imprecise, which means that the true viewing angle is different from the setpoint camera 



angle commanded to the PTM. We model the imprecision of the PTM by assuming that 

the true viewing angle can be obtained by rotating the camera oriented in a particular 

setpoint camera orientation for an angle ≤ δmax around an arbitrary axis. To take into ac-

count, the imprecision of the PTM, only the image regions of the views θi and φ, with a 

high probability of being overlapped should be considered in computation of OIC. 

Hence, the points closer than 2δmax f to the image boundary are not considered in com-

putation of OIC, where f is the camera focal length. The remaining points represent the 

active image region. Only the cells inside this image region are considered in computa-

tion of OIC. These cells are referred to in this paper as active cells. 

3.3. Next View Candidate Score 

The following score is computed for each candidate θi 

 𝜌(𝜃𝑖) =  𝑤𝜒 𝜒(𝜃𝑖) + max 
𝜑∈Φ

(𝜓(𝜃𝑖, 𝜑)) (2) 

where wχ is an empirically determined weight factor. Only the candidates with sufficient 

overlapping with one of the previous views are considered, i.e. the candidates θi which 

satisfy: 

 max 
𝜑∈Φ

𝜓(𝜃𝑖 , 𝜑) > 𝑤𝜓 (3) 

where wψ is an experimentally determined threshold. 

The calculated score implies how useful it would be to choose a specific candi-

date as the new camera view direction. The candidate with the highest score is selected 

as the new view direction.  



4. View Registration 

After exploring a sufficient percentage of the environment visible from the given view-

point, the point clouds must be aligned with respect to a global coordinate system in or-

der to obtain a complete point cloud that represents the entire scene.  

There are numerous methods for solving the image registration problem based 

on several fundamental point set registration algorithms [19]. Consistent registration can 

be achieved in two ways: as bundle adjustment [20] and with global optimization [21]. 

The latter solves all pairwise registrations jointly, while the bundle adjustment produces 

jointly optimal 3D structures and viewing parameters. However, there are some solu-

tions which combine the results of both registration methods. For example, authors in 

[22] use the initial registration by the ICP algorithm as initial specification for the bun-

dle adjustment. However, analysis and comparison of different registration algorithms is 

out of the scope of this paper. 

The algorithm described in this section performs registration of the acquired 

depth images using the point-to-plane ICP algorithm [23] applied in a recursive multi-

view registration framework. 

4.1. Determining Point Correspondences 

A common approach to view registration is to minimize the distance between corre-

sponding points of two aligned views. For successful image registration, it is crucial to 

determine correct point correspondences between overlapping views. A common ap-

proach for establishing point correspondences is to use keypoint detectors, which are 

matched between views using local descriptors. However, these approaches require tex-

tured surfaces or distinctive 3D shapes, which are not always available in indoor scenes. 



In the research presented in this paper, we investigate an approach for establishing cor-

respondences between points lying on flat featureless surfaces, which relies on the cam-

era pose information provided by the PTM and the assumption that all images are ac-

quired from the same viewpoint.  

Let us consider the alignment of two views φk, φl ∈ Φ with the same viewpoint 

selected by the active vision approach described in the previous section. Furthermore, 

let mk and ml' be two image points acquired from the k-th and l-th view respectively rep-

resenting the same scene point and let lpm',l and kpm,k be their corresponding 3D points. 

Assuming an ideal PTM, the positions of the point lpm',l and the point lpm,k would be 

identical, where lpm,k is obtained by transforming the point kpm,k to the RF of the l-th 

view with the rotation matrix computed from the setpoint camera angles. In reality, the 

imprecision of the PTM would result in certain distance between lpm',l and lpm,k. The 

bounds of this distance can be estimated using the assumption about the maximum ori-

entation error δmax introduced in the previous section. In our approach, points mk can be 

associated with point ml' only if the following condition is satisfied  

 ‖ 𝑝𝑙 𝑚′,𝑙 − 𝑝𝑙 𝑚,𝑘‖ ≤  𝑑𝑎. (4) 

Threshold da is calculated as 

 𝑑𝑎 = 2‖ 𝑝𝑙 𝑚,𝑘‖𝛿𝑚𝑎𝑥 (5) 

Analogously, the difference between the angles between the normals in corresponding 

points lpm',l and lpm,k is limited to an experimentally determined value , i.e. 

  𝑎𝑟𝑐𝑐𝑜𝑠( 𝑛𝑙 𝑚′,𝑙
𝑇 𝑛𝑙 𝑚,𝑘) ≤ 𝜔. (6) 

Since the images are acquired approximately from the same viewpoint, the distance of 



any scene point with respect to the camera is approximately the same for all views. 

Hence, m and m' can represent the same scene point only if their distance to the camera 

is approximately the same, i.e. if  

 ‖ 𝑝𝑙 𝑚′,𝑙‖ − ‖ 𝑝𝑙 𝑚,𝑘‖ ≤  𝑟𝑧 (7) 

where rz is an experimentally determined distance threshold. 

In order to reduce the computation time, the overlapping point set Okl is sampled 

and for every sampled point of the k-th view a corresponding point is searched in the l-

th view. Each point p  Okl is assigned the information content factor (ICF) and the 

sampling is performed in such a way that the probability of selecting a point from Okl is 

proportional to this factor. The ICF is defined by [24]: 

 𝑤𝑚,𝑘 =
1

𝑛𝑘
𝑚,𝑘
𝑇  𝛴𝑘𝑙 𝑛𝑘

𝑚,𝑘
. (8) 

The denominator of the ICF represents the projection of matrix Σkl in direction 

of the local surface normal of the point m  Vk. Hence, the ICF assigned to a particular 

point m is the greater the smaller the number of image points in Okl with a direction par-

allel to the normal of m. The sampling weighted with the ICF favours selection of points 

whose normal has a component perpendicular to the dominant normal direction in the 

overlapping image region between the two considered views, thereby providing suffi-

cient information for determining the relative orientation of the two views. The result of 

the described sampling process is a set of points Ckl  Okl, which represents candidates 

for establishing point associations between the k-th and l-th view. 

Finally, every point m  Ckl is transformed to the l-th view and associated with 

the nearest point am  Vl inside a square window in the l-th image. The nearest point am 

is defined as 



 𝑎𝑚 = 𝑎𝑟𝑔𝑚𝑖𝑛
𝑚′∈𝑊𝑚

‖ 𝑝𝑙 𝑚′,𝑙 − 𝑝𝑙 𝑚,𝑘‖ (9) 

where Wm is a set of points m'  Vl which are contained inside a square neighbourhood 

(ww  ww) in the l-th image cantered in 𝑓(𝑃 𝑝𝑙 𝑚,𝑘) and which satisfy (4), (6) and (7). 

Square window size is determined as following 

 𝑤𝑤 = 2𝑓𝛿𝑚𝑎𝑥 (10) 

where f is the camera focal length. 

The result is a set Akl of pairs of corresponding points (m, am). The next step is 

performing an image registration task using these correspondences.  

4.2. Multi-Image Registration 

Zhu et.al. [25] solved the multi-view registration problem using a spanning tree based 

on estimated overlap percentage between views, where each tree node represents a 

view. Two nodes are connected if the two corresponding views overlap sufficiently. 

They perform view registration recursively by registration of view pairs representing 

connected nodes in the spanning tree. This strategy is also used in our approach. 

The first view φ1 is taken as the reference view and all other views are aligned 

w.r.t its RF S1, which represents the global RF. Neighbourhood relations are defined be-

tween the views using OIC. Two views φk and φl are neighbours if  

 𝜓(𝜑𝑘, 𝜑𝑙) > 𝑤𝜓 (11) 

The set of all collected views Φ is subdivided into subsets Φi, i=1,…, nΦ, where 

subset Φ1 contains only one view φ1. View φk belongs to a subset Φi, i=2,…, nΦ, if φk 

 Φi–1 and it has a neighbour in Φi–1. The views are aligned recursively, where each 



view φl  Φi is aligned with one of its neighbours φk  Φi–1. First, all neighbours of φ1, 

i.e. all views from subset Φ2, are aligned with φ1. As the result, their pose with respect 

to the global RF is obtained. Next, all views which are not in Φ1 or Φ2, but have neigh-

bours in Φ2 are aligned with their neighbours from Φ2 and their poses with respect to the 

global RF are obtained. This procedure continues until all views are assigned their poses 

with respect to the global RF. Notice that every view, except the referent view φ1, is 

registered with a single neighbouring view. 

 The alignment of two neighbouring views is performed using a point-to-plane 

ICP algorithm which minimizes the following cost function 

 𝐸(𝑅𝑙,, 𝑡𝑙) = ∑ 𝑤(𝑚,𝑚′) ( 𝑛𝑚,𝑘
𝑇𝑘 𝑅𝑘

𝑇(𝑅𝑙 𝑝𝑚′,𝑙
𝑙 + 𝑡𝑙 − 𝑅𝑘

0 𝑝𝑚,𝑘
𝑘 − 𝑡𝑘

0))
2

(𝑚,𝑚′)∈𝐴𝑘𝑙
(12) 

where rotation matrix Rl and translation vector tl define the pose of the RF of the l-th 

point cloud with respect to S1, which is optimized. Rotation matrix 𝑅𝑘
0 and translation 

vector 𝑡𝑘
0 represent the initial pose of the k-th view, which is not changed until the mini-

mization is completed, and w(m, m') is variable point weight depending on the uncer-

tainty of measured point position. In the case where the information about the measure-

ment uncertainty is available, weights w(m, m') allow more accurate measurements to 

contribute more to the total cost function. In the case of registration of depth images ac-

quired by a RGB-D camera, these weights can be computed using the method proposed 

in Section 4.3. This procedure is performed iteratively. After each iteration, the algo-

rithm finds new correspondences Akl between views. 

After the last iteration, each view is aligned with one of its neighbours. To align 

all views with respect to the reference view, the final view poses are computed recur-

sively by  



 𝑇𝑘
′ = 𝑇𝑙

′ ∙ (𝑇𝑙
0)−1𝑇𝑘 (13) 

where k > l, Tk is the homogeneous transformation matrix defining the pose of the k-th 

view after the last iteration of the optimization procedure, 𝑇𝑘
′  and 𝑇𝑙

′ define the final 

pose of the k-th and l-th view respectively and 𝑇𝑙
0represents the initial pose of the l-th 

view. The relation between the homogeneous transformation matrices appearing in (13) 

and the corresponding rotation matrix and translation vector is described by 

 𝑇𝑘 = [
𝑅𝑘 𝑡𝑘
0 1

] (14) 

4.3. Depth Sensor Gaussian Noise 

Images acquired by 3D cameras can be observed as point clouds in the Euclidean space 

with a defined 3D Cartesian coordinate system, referred to in this paper as the XYZ 

space. Registration of two views can be performed by minimizing the sum of distances 

between the corresponding points in the XYZ space. However, measurements obtained 

by real 3D cameras are affected with measurement noise, which can significantly distort 

images and subsequently affect the image registration task. The effect of the measure-

ment noise can be minimised with image processing which takes into account the prop-

erties of the applied sensor, where more accurate measurements are considered with 

higher weights than measurements with higher uncertainty. Liu et.al. [26] introduced 

depth-based point weights to the general ICP algorithm to take into account the meas-

urement noise. The point pairs with smaller Euclidean distances are used for registra-

tion, and each point pair is assigned a weight according to the depth values. The same 

principle is used in our method. Nevertheless, we compute the point weights differently, 

using the relation between the Euclidean space and the disparity space, where the meas-

urement noise is homogeneous. 



Using off-the-shelf RGB-D cameras, such as Microsoft Kinect, is cost-effective 

and affordable option in contrast to expensive laser scanners. Therefore, in the follow-

ing sections, we consider the RGB-D camera for performing the scene reconstruction 

task. The measurement model of these cameras is analogous to the model of stereo vi-

sion systems addressed in [27]. In [27], it is noted that measurements obtained by such 

sensors represented in the XYZ space have non-homogeneous and non-isotropic noise. 

The measurement uncertainty of these cameras grows with the square of the distance 

from the camera [27].  This problem is addressed by representing the camera measure-

ments in the disparity space, where the noise has isotropic and homogeneous behaviour. 

Hence, an ICP procedure which minimizes the sum of point distances in the disparity 

space is expected to give better results than an ICP procedure which minimizes the dis-

tances in the XYZ space.  

The RGB-D camera output is a combination of an RGB image and its corre-

sponding depth image. Consequently, an RGB-D image pixel q can be represented in 

the disparity space with its 2D image coordinates (u, v) and corresponding disparity (d), 

that is q=[u v d]T. We adopt the RGB-D camera model from [28]. Given a point 

p=[x y z]T in the XYZ space, the point in the disparity space can be computed by 

 𝑞(𝑝) =

[
 
 
 
 𝑓

𝑥

𝑧

𝑓
𝑦

𝑧

𝜅 (1 −
𝑧𝑛

𝑧
)]
 
 
 
 

 (15) 

where (x, y, z) are point coordinates in the XYZ space, f is the camera focal length, zn is 

the nearest distance at which the RGB-D can detect objects, and κ is the parameter of 

the disparity-depth relation. This representation is referred to in this paper as the UVD-

space.  



Correlation of geometric properties between the XYZ and the UVD space is 

demonstrated in [29], where it is also proven that a curve of the n-th order in the XYZ 

space corresponds to a curve with the same order in the UVD space. Hence, any planar 

surface in the XYZ space corresponds to a planar surface in the UVD space. Generally, 

any planar surface in the XYZ space can be uniquely described with its normal vector 

and its offset from the origin of the coordinate system. Normal n=[nx ny nz]
T of a planar 

surface in the XYZ space and normal  of the same planar surface represented in the 

UVD space are related by the following equation (see Appendix A) 

 𝜂 =
1

√𝑛𝑥
2 + 𝑛𝑦

2  + (
𝑓

𝜅𝑧𝑛
𝑛𝑇𝑝)

2
[

𝑛𝑥

𝑛𝑦

𝑓

𝜅𝑧𝑛
𝑛𝑇𝑝

]. (16) 

Having defined point and normal in the UVD-space by (15) and (16), we can 

formulate the registration cost in that space by 

 𝐸(𝑅𝑙, 𝑡𝑙) = ∑ ( 𝜂𝑚,𝑘
𝑇𝑘 (𝑞 (𝑅𝑘

𝑇(𝑅𝑙 𝑝𝑚′,𝑙
𝑙 + 𝑡𝑙 − 𝑡𝑘)) − 𝑞( 𝑝𝑘

𝑚,𝑘)))

2

(𝑚,𝑚′)∈𝐴𝑘𝑙
(17) 

where pm denotes the vector of 3D coordinates of the image point m in the XYZ space, 

q(p) denotes the representation of a 3D point p in the UVD space and m is the normal 

of the image point m in the UVD space. In Appendix A, it is shown that minimizing 

(17) is equivalent to minimizing (12) with point weights computed by 

 𝑤(𝑚,𝑚′) =
1

𝑧′2(𝑛𝑥
2+𝑛𝑥

2+(
𝑓

𝜅𝑧𝑛
𝑛𝑇𝑝)

2
)
 (18) 

where z’ is the z-coordinate of the point pm'. 



5. Experiments 

We implemented the proposed approach in C++ language and verified the discussed 

method by simulation. The simulation is aimed to test the proposed methods for active 

vision and scene reconstruction in a controlled environment.   

The experiment was carried out on a publicly available dataset Replica [30] 

which was acquired with a custom-built RGB-D capture rig with an IR projector. We 

used the mesh models of nine rooms: Hotel 0, Office 0-4, and Room 0-2. A virtual cam-

era is placed in the origin of the room’s coordinate system which was chosen based on 

probable camera placement in the room. The camera movement is simulated by chang-

ing the camera view direction from the same viewpoint. The algorithm creates a depth 

image from a particular view using the Visualization Toolkit (VTK) [31]. In order to 

mimic a real RGB-D camera, as described in the previous section, we superposed the 

Gaussian measurement noise with zero mean and standard deviation σd = 0.5 to the dis-

parity of a simulated depth sensor. According to [28], this standard deviation is a fair es-

timate of disparity error of the Kinect sensor. 

While generating an organized point cloud from a depth image, local surface 

properties are computed through a normal estimation process. The normal estimation is 

performed using the Point Cloud Library (PCL) [32] based on the neighborhood of 

points within a sphere of a given radius. Since measurement noise has non-homogene-

ous and non-isotropic behavior in the XYZ space, this sphere radius should be variable 

for different point distances from the camera. To make this process simpler, we opted to 

perform normal estimation process in the UVD space, where the measurement noise is 

approximately homogeneous, so that we can use the same sphere radius for all points.  

After each image acquisition, the active vision approach proposed in the third 

section is applied to select the NBV. This selected view is referred to in this section as 



the setpoint. Imprecise PTM is simulated by an additional rotation of the virtual camera 

for a perturbation angle of 3° about a randomly selected axis before capturing a depth 

image. This simulates possible camera drift in the real testing conditions. This perturbed 

view direction is referred to in this section as the actual view direction.  

When active vision captures nimg images, the algorithm proceeds to image regis-

tration task. The number of images nimg is specified by the user. The results of the regis-

tration procedure are referred to as the estimated view directions. The values of the ac-

tive vision and multi-view registration algorithm parameters used in the experiments are 

shown in Table 1. 

Table 1. The algorithm parameters used in the experiment. 

ACTIVE VISION VIEW REGISTRATION 

wimg himg λC λcell wχ rz    max fc κ
1
 ww wROI wψ 

     (m) (°) (°)      

320 240 39 16 1.0 0.03 10 3 293.172 2.85·10-6 62 62 0.01 

 

The main contribution of this paper is the active vision approach, which selects 

the NBV according to a measure of the information useful for depth image registration 

contained in the overlapping image region of the next view and the previously acquired 

views. This is especially important in the environments with very few features, such as 

rooms with big blank walls or empty and long corridors.  The usefulness of the pro-

posed active vision approach can be evaluated by the success of registration of depth 

images acquired by this approach. 

In order to do so, we additionally simulated uniform camera movement, referred 

to as a sequential scan, while respecting Kinect sensor field of view, and compared suc-

 

1 The parameter κ is adopted from [28]. 



cess of image registration of images obtained with sequential scan to the images ob-

tained with the active vision approach. To make the results comparable, we secured ap-

proximately equal percentage of remaining unexplored scene regions, as explained in 

subsection 3.1. Both approaches capture 30 images from the same viewpoint in the 

room, starting with camera optical axis parallel to the ground. As active vision approach 

of selecting the next view depends on OIC, the remaining unexplored scene region of 

each room is different, but averages approximately 11.7%, measured by the percentage 

of unexplored cells of the unit cube explained in Subsection 3.1. In the sequential scan-

ning, three tilt angles of the virtual camera are used: –34°, 0° and 34°. For each tilt an-

gle, 10 pan angles uniformly distributed in the range from 0° to 360° are used. This 

scanning procedure leaves 11.5% of unexplored scene region.  

Success of the two described scanning approaches is measured with the pro-

posed scene registration method, described in Section 4. We measured the accuracy of 

the proposed scene registration method by computing the angle-axis representation of 

the: 

(1) estimated relative orientation between two neighbouring views,  

(2) estimated absolute orientation of each view with respect to the global coordinate 

system. 

The angle between the two compared view directions is taken as a measure of 

orientation estimation error and it is denoted by δ. The set of orientation estimation er-

rors of all views of a particular scene is denoted by Δ.  

The proposed multi-image registration (Section 4.2.) uses neighbourhood rela-

tions between the views based on the OIC, while the sequential scanning captures im-

ages purely based on uniform camera movement without using any information about 

the scene context. Therefore, additional criteria for determining neighbouring views had 



to be used. We applied segment of the algorithm described in Section 3.2. with relaxed 

parameters, meaning that image boundary is not taken into consideration and wψ = 12. 

After a sequential scan is completed, the algorithm goes through all images and projects 

the points of the k-th view onto the image acquired from the l-th view, where l < k. Each 

view is paired with one of the previous views with which it has the largest overlap. 

The results are shown in Table 2. The both approaches achieve the estimated 

orientation error less than the perturbation angle of 3°. Image registration applied to the 

images acquired with the active vision approach achieved the orientation error that is 

three times less compared to the sequential scanning method.  

Table 2. Comparison of the active vision approach (A) with the sequential scanning 

(S). Success of the two described scanning approaches is measured with the image 

registration accuracy of the proposed scene registration method. The accuracy is 

shown through the errors of estimated relative orientation between two neighbouring 

views for multi-view registration for nine room models from the Replica dataset [30] 

seen from 30 views after image registration performed in 10 iterations. 

ORIENTATION ERROR 

Orientation error 
Relative Absolute 

max
𝛿𝑖∈∆

𝛿𝑖 [°] 𝛿 ̅[°] max
𝛿𝑖∈∆

𝛿𝑖 [°] 𝛿 ̅[°] 

Scanning method S A S A S A S A 

R
O

O
M

 

Hotel 0 1.71 1.90 0.24 0.31 1.49 1.94 0.55 1.24 

Office 0 7.29 0.38 0.77 0.16 7.88 0.95 2.54 0.62 

Office 1 7.07 0.36 0.59 0.16 9.89 0.67 1.57 0.30 

Office 2 2.66 0.78 0.42 0.18 2.23 0.76 0.88 0.32 

Office 3 4.13 1.14 0.48 0.25 4.35 1.43 1.60 1.14 

Office 4 13.86 0.32 1.50 0.12 17.28 0.58 3.93 0.27 

Room 0 4.08 0.80 0.50 0.22 3.25 1.03 1.43 0.75 

Room 1 5.99 0.41 0.41 0.16 6.54 0.86 0.95 0.35 

Room 2 7.61 0.42 0.78 0.14 7.68 0.76 2.99 0.52 

AVERAGE ERROR PER 

ALL ROOMS 
6.04 0.72 0.63 0.19 6.73 1.00 1.83 0.61 

 

Furthermore, it can be noticed that the active vision method achieves signifi-

cantly better results on eight of nine rooms, while on room Hotel 0, the sequential scan-

ning has slightly better result than the active vision. This is a smaller room with many 



distinctive 3D surfaces. In the other rooms, dominated by textureless surfaces, the ad-

vantage of the proposed active vision strategy is obvious.  

Additionally, we evaluated our method by measuring the accuracy of the camera 

orientation estimation obtained by two registration methods: point-to-plane ICP and 

TEASER++ [1]. In order to evaluate the contribution of the OIC cue in the criterion for 

selection of the NBV, the performance of the proposed approach is compared to a modi-

fied version of our algorithm, which does not use OIC in the criterion (2). Instead of 

eliminating view candidates according to criterion (3), based on OIC, a simpler elimina-

tion criterion is used. This criterion requires that at least 25% of the active cells of the 

next view candidate overlap with one of previously acquired views. Active cells are de-

fined in Section 3.2. 

The evaluation was conducted by capturing 30 images and performing the multi-

view registration proposed in Section 4 with ten iterations. To demonstrate the contribu-

tion of each particular component of the proposed method, we ran experiments in four 

different set-ups: 

(1) without contribution of the OIC cue, computing normals directly in the XYZ 

space; w=1 in (12),  

(2) with contribution of the OIC cue, computing normals directly in the XYZ space; 

w=1 in (12),  

(3) computing normals in the UVD space; w=1 in (12), 

(4) computing normals in the UVD space; w in (12) computed by (18). 



Quantitative results of the proposed approaches are shown in Table 3 and Table 4 by av-

erage relative orientation estimation error  𝛿, and average absolute orientation estima-

tion error respectively, after 10 iterations and maximal error in the set of 30 views for 

all rooms. 

Table 3. The errors of estimated relative orientation between two neighbouring 

views, for the proposed approach for active vision and multi-view registration for 

nine room models from the Replica dataset [30] seen from 30 views after image regis-

tration performed in 10 iterations. 

RELATIVE ORIENTATION ERROR 

OIC cue OFF ON ON ON 

Geometric space XYZ XYZ UVD UVD 

Point weights computed by (18) OFF OFF OFF ON 

Registration method T++ ICP T++ ICP T++ ICP T++ ICP 

R
O

O
M

 

Hotel 0 

𝐦
𝐚
𝐱

𝜹
𝒊∈

∆
𝜹

𝒊 
[°

] 

2.24 3.13 3.18 1.74 1.84 6.01 1.84 1.90 

Office 0 4.87 9.61 1.09 1.02 2.47 1.59 2.47 0.38 

Office 1 4.99 1.53 0.56 0.27 0.91 0.66 0.91 0.36 

Office 2 17.04 12.91 4.15 2.57 3.86 2.91 3.86 0.78 

Office 3 7.83 9.80 2.85 2.56 1.39 41.15 1.39 1.14 

Office 4 34.25 36.73 2.29 3.14 1.01 0.68 1.01 0.32 

Room 0 1.90 3.50 3.66 3.41 0.83 0.69 0.83 0.80 

Room 1 2.31 8.16 1.98 1.07 0.92 2.05 0.92 0.41 

Room 2 125.62 121.35 1.98 3.57 1.49 1.28 1.49 0.42 

AVERAGE ERROR PER ALL ROOMS 22.34 22.97 2.42 2.15 1.64 6.34 1.64 0.72 

R
O

O
M

 

Hotel 0 

𝜹
 ̅[

°]
 

0.43 0.45 0.41 0.24 0.60 0.43 0.60 0.31 

Office 0 0.51 0.56 0.31 0.23 0.49 0.22 0.49 0.16 

Office 1 0.46 0.20 0.27 0.12 0.38 0.21 0.38 0.16 

Office 2 1.46 1.37 0.67 0.41 0.56 0.31 0.56 0.18 

Office 3 0.75 0.62 0.49 0.34 0.42 1.69 0.42 0.25 

Office 4 2.53 2.46 0.50 0.41 0.38 0.23 0.38 0.12 

Room 0 0.54 0.42 0.53 0.48 0.44 0.26 0.44 0.22 

Room 1 0.43 0.51 0.36 0.17 0.36 0.26 0.36 0.16 

Room 2 6.01 5.81 0.46 0.38 0.30 0.21 0.30 0.14 

AVERAGE ERROR PER ALL ROOMS 1.46 1.38 0.44 0.31 0.44 0.43 0.44 0.19 

 

The presented analysis demonstrates that including OIC in the NBV selection 

criterion significantly contributes to the registration accuracy. Furthermore, the results 

indicate that performing normal estimation in the UVD space results in lower orienta-



tion estimation error. Further significant improvement is evident in the fourth experi-

ment set-up, where the point weights were introduced. The average of maximal absolute 

orientation estimation errors of all rooms in that case is 1.00°. Moreover, maximal δ 

does not exceed the initial error of 3°, while average 𝛿 for all rooms is less than 1°.   

Table 4. The errors of estimated absolute orientation of each view with respect to the 

global coordinate system, for the proposed approach for active vision and multi-view 

registration for nine room models from the Replica dataset [30] seen from 30 views 

after image registration performed in 10 iterations. 

ABSOLUTE ORIENTATION ERROR 

OIC cue OFF ON ON ON 

Geometric space XYZ XYZ UVD UVD 

Point weights computed by (18) OFF OFF OFF ON 

Registration method T++ ICP T++ ICP T++ ICP T++ ICP 

R
O

O
M

 

Hotel 0 

𝐦
𝐚
𝐱

𝜹
𝒊∈

∆
𝜹

𝒊 
[°

] 

2.24 3.23 4.09 2.70 3.72 6.10 3.72 1.94 

Office 0 4.89 9.56 1.59 1.13 3.27 2.00 3.27 0.95 

Office 1 5.74 1.26 1.60 0.35 1.17 1.20 1.17 0.67 

Office 2 17.90 14.93 4.92 4.73 3.57 3.42 3.57 0.76 

Office 3 10.03 10.03 2.80 2.35 1.90 42.56 1.90 1.43 

Office 4 56.71 51.04 2.67 3.72 1.94 1.40 1.94 0.58 

Room 0 1.95 4.36 3.73 3.41 3.57 1.72 3.57 1.03 

Room 1 4.31 8.42 3.93 1.54 2.09 2.08 2.09 0.86 

Room 2 125.37 125.75 4.69 5.34 1.49 1.73 1.49 0.76 

AVERAGE ERROR PER ALL ROOMS 25.46 25.40 3.34 2.81 2.52 6.91 2.52 1.00 

R
O

O
M

 

Hotel 0 

𝜹
 ̅[

°]
 

1.08 1.90 3.25 1.97 1.65 2.18 1.65 1.24 

Office 0 1.31 1.95 0.92 0.70 1.91 1.61 1.91 0.62 

Office 1 0.98 0.38 0.83 0.19 0.61 0.73 0.61 0.30 

Office 2 3.69 2.95 2.62 1.49 1.15 1.81 1.15 0.32 

Office 3 2.02 1.76 1.00 0.77 1.18 19.23 1.18 1.14 

Office 4 5.61 5.45 2.01 1.27 1.24 0.69 1.24 0.27 

Room 0 1.05 1.65 2.34 2.76 1.62 0.96 1.62 0.75 

Room 1 1.21 2.44 1.08 0.49 1.17 0.74 1.17 0.35 

Room 2 52.44 53.56 1.68 2.14 0.82 1.22 0.82 0.52 

AVERAGE ERROR PER ALL ROOMS 7.71 8.00 1.75 1.31 1.26 3.24 1.26 0.61 

 

According to the presented analysis, the point-to-plane ICP has better accuracy 

than TEASER++ in the given conditions. This can be explained by the fact that the 

point-to-plane distance is insensitive to the point position on a plane, i.e. it requires only 

that two corresponding points lie on the same plane.  



On the other hand, the point-to-point distance minimized by the TEASER ++ re-

quires more precise correspondences. The advantage of the TEASER ++ over ICP algo-

rithms is that it does not require initial relative pose of the registered scans. However, in 

the case considered in this paper this advantage does not have effect because initial rela-

tive orientations are provided by the PTM. 

In Figure 3, qualitative results of the proposed scene reconstruction method are 

presented, where the obtained 3D room model before and after image registration is vis-

ualized. It can be noticed that the applied image registration procedure successfully cor-

rected original misalignments of the point clouds. 

 

Figure 3. Three reconstructed rooms: Hotel 0, Office 3 and Room 0, before and after 

scene registration performed in 10 iterations. 

 



Figure 4 visualizes the camera movement using the unit cube to illustrate the 

distribution of the captured images in different rooms. The colours correspond to FoV 

depth indices defined in Subsection 3.1. The presented results show how the automated 

camera movement is directly related to each room individually. This confirms that view 

selection is correlated to the room features and camera placement in each room. 

 

Figure 4. Visualization of the recorded views in the active vision task for Hotel 0, Of-

fice 3, and Room 0. 

 As explained in Section 3.1., the active vision algorithm selects the NBV based 

on previously explored scene. Consequently, with every captured scene there are more 

candidates for the active vision algorithm to process which requires more computation 

time. The average computation time of the NBV selection for nine rooms in relation to 

number of captured images is shown in Figure 5. 



 

 

Figure 5. Visualization of the average processing time of the NBV computation in rela-

tion to number of captured images. 

6. Conclusion 

In this paper, we propose a NBV selection criterion which provides depth images that 

can be accurately registered. This active vision approach allows realization of fully au-

tomatized creation of 3D models of indoor environments using a 3D sensor mounted on 

a PTM. We tested the proposed approach by simulating active vision with virtual cam-

era positioned within nine rooms from the Replica dataset [30], with synthetic measure-

ment noise. The proposed method is evaluated by measuring the accuracy of alignment 

of depth images acquired by the proposed active vision strategy, using a point-to-plane 

ICP and the TEASER++ registration algorithm. It is demonstrated that the proposed 

overlap information content criterion for selection of the NBV significantly contributes 

to the registration accuracy. 

The proposed method resulted in average orientation estimation error below 1° 

on a set of nine rooms. Although the proposed method is designed to correct relatively 



small orientation errors caused by imprecision of PTM, this correction is necessary if 

we want to obtain accurate scene models. 

Our future research will focus on application of the described method using real 

off-the-shelf RGB-D cameras mounted on a PTM. 
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Appendix A 

Let p=[x y z]T be a point represented in the XYZ space and let n=[nx ny nz]
T be the nor-

mal of that point. Equation 

 ( ) 0Tn p p − = , (19) 

defines a plane in the XYZ space which contains point p and whose normal is n. Let's 

define the signed point-to-plane distance between p and p' as 

 ( ) ( ), Te p p n p p = − . (20) 

If z'  0, then 

 ( ), x y z

f f f f f f
e p p n x x n y y n f z

z z z z z z

     
  = − + − + −     

          
. (21) 

By simple algebraic transformations of the right side of (21), the following equa-

tion can be obtained 

( ) n n

n

, 1 1
T

x y

z zf f f f f fn p
e p p n x x n y y

z z z z z z z z
 



       
  = − + − + − − −                   

 (22) 

According to the definition of the UVD space (15), equation (22) can be written as 

 ( ) ( )( ) ( ) ( )( )
2

2 2

n, T T

x y

f
e p p n n fn p z q p q p

z
  = + + −


, (23) 

where  is defined by (16). 

If p' is any point lying on the plane defined by (19), then e(p, p') = 0. In that 

case, from (23) it follows that  

 ( )( ) ( ) 0T q p q p  − = . (24) 



Since (24) defines a plane in the UVD space, it can be concluded that the plane defined 

by (24) is the UVD representation of the plane defined by (19). Consequently, normal n 

in the XYZ space is represented by vector  in the UVD space. 

Furthermore, ( )( ) ( )T q p q p  −  represents the signed point-to-plane distance be-

tween the UVD representations of points p and p'. From (23), the following relation be-

tween the point-to-plane distances in the XYZ and UVD space can be obtained 

 ( ) ( )( )
( )( )

( )
2

2 2

n

,T

T

x y

f
q p q p e p p

z n n fn p z





 − =

 + +

. (25) 

From this relation it follows that minimization of (17) is equivalent to minimization of 

(12), where the weight w is defined by (18). 


