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Sparse reconstruction

To perform point-cloud reconstruction based on the 
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source library that includes both a graphic UI as well as a 
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was chosen over other open-source packages for its 

state-of-the-art reconstruction quality and for the degree 

of control over reconstruction parameters exposed to the 

�º�°�{�¬�ð�����”�¶�ˆ�Ÿ�º�…�ˆ�����:�/�4���D���‰�š�s�”�º�w�{�°���g�š�����g�º�¶�Ÿ�™�g�¶�‰�s���¬�{�s�Ÿ�š�°�¶�¬�º�s-

tion” process for basic use cases, our application required 

extensive tuning of low-level settings of individual parts 

of the process. Thus our method relies mostly on custom 

scripts that access individual functions and settings 

through the library’s CLI.
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must specify the intrinsic properties of the camera used to 

capture the images. The software has support for several 

camera models, depending on the geometric complexity of 

the lens and the associated spherical distortions. Because 

our images were computed directly to contain no spherical 

�w�‰�°�¶�Ÿ�¬�¶�‰�Ÿ�š�°�ë���Ä�{���s�Ÿ�º�”�w���º�°�{���¶�ˆ�{�����K�$�4�D�/���÷�D�$�5�#�:�/�������s�g�™�{�¬�g��

model, which has only three parameters: the focal distance 

and the x and y components of the principal point. Since 

our images were generated from a spherical projection, 

the principal point was always at the center of the image 

and could thus be calculated directly. However, since 

our images were not captured by a physical camera, the 

equivalent focal distance was not known a priori. Instead, 

�Ä�{���º�°�{�w���g���„�{�g�¶�º�¬�{���Ÿ�„�����:�/�4���D���¶�Ÿ���g�º�¶�Ÿ�™�g�¶�‰�s�g�”�”�Æ���{�°�¶�‰�™�g�¶�{��

the camera model intrinsics during the reconstruction of 

a small test set. As long as the image extraction process 

does not change, this estimated focal distance can be hard-
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reconstructions.

The reconstruction process begins by identifying a set 
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compares pairs of images to see which features they share 
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6

7

al. 2016), which offers a significant advantage in compu-

tation time over the default exhaustive method. While 

sequential-based matching is often used for reconstructing 

single-lens video data, our use of four separate image 

streams did not allow it to be used. 

Once the matches are found, an iterative optimization 

process called bundle adjustment is used to place the 

images in the 3D environment. This produces a dataset that 

includes a sparse point cloud representing the successfully 

triangulated features and the pose information for each 

image that was successfully placed in the scene (Figure 8).

After the reconstruction process is complete, the model 

is rectified to cartesian world coordinates using a built-in 

COLMAP function that derives a global transforma-

tion matrix through an analysis of the source images 

for horizontal and vertical vanishing points. A final step 

extracts the sparse point cloud as a standard .PLY file and 

generates a tabulated .CSV file of camera positions and 

orientation vectors from the native binary data file. These 

files can be used to visually inspect the model to confirm 

the accuracy and completeness of the reconstruction. This 

inspection ensures that the dense reconstruction—the 

longest and most computationally intensive operation of the 

reconstruction process—won’t be executed on low-quality 

or incomplete models. The output .PLY sparse model and 

.CSV camera tracks also allowed for early exploration of the 

model in the real-time VR environment.

Dense Reconstruction

Once the pose information of each image is known, COLMAP 

can calculate the depth and normal information of each 

pixel based on the concept of multi-view stereo (MVS) 

reconstruction (Furukawa 2010) (Figures 9 and 10). For 

this process to work, the images must first be undistorted 

to remove any spherical distortions caused by the camera 

lens. During testing we discovered that the built-in undis-

tortion function tended to crop areas of the image with 

high distortions, causing a large loss of information in 

highly distorted images, such as those generated from the 

camera’s raw output. This provided a further advantage 

to using the generated perspective projections, which 

ensured that the resulting computed depth and normal 

maps retained full pixel information, thus producing higher 

quality and denser point clouds. 

Once the depth and normal information for each pixel is 

known, the pixels can be projected into physical space and 

fused into the final dense point cloud. The image undis-

tortion, MVS computation, and dense model fusion were 

generated using included functions and default settings in 

COLMAP. The resulting dense point cloud is output in .PLY 

format with matching coordinate alignment to the sparse 

6 Detection of features in single 
frame

7 Matching of features in multiple 
frames
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8 Sparse reconstruction model visualized in COLMAP GUI

Table 1: Average time requirements for processing steps

point-cloud model and camera tracks generated in the 

previous step.

All data processing described in the methodology above 

was performed on a single computer with an Intel Core 

i7-7700 3.6 GHz Quad-Core Processor, an NVidia GeForce 

GTX 1080 Ti Graphics Processing Unit (GPU) with 11 GB 

on-board memory, and 32 GB of RAM. Using this hardware, 

the time required for each processing step is described in 

Table 1.

Visual Experience

To create the interactive VR experience, we used the game 

engine Unity 3D (version 2017.3.1f1) in conjunction with the 

HTC Vive headset and controllers. To import the point-cloud 

data into Unity 3D we relied on PCX, an open-source Unity 

Process Time required (HH:MM)

Video stitching 0:15

Image extraction 0:10

Feature extraction 0:02

Image matching 0:08

Sparse reconstruction 0:20

Dense reconstruction 8:00

Total 9:00

3D plugin that supports the .PLY file format for directly 

importing and visualizing point-cloud data (Takahashi 2017). 

Once the point cloud was imported into Unity 3D, we added 

a proximity-based glow shader to enhance the visibility and 

perception of depth within the environment.

Audio Experience

To represent the audio component of the experience, we 

split each audio file into individual ten-second samples. 

These samples were brought into the Unity 3D model and 

associated with objects (visualized as glowing red spheres) 

placed at ten-second intervals along the reconstructed 

path. While each audio sample is set to loop continuously, 

the volume of each clip is set to be inversely proportional 

to the distance of the user from its associated object. The 

falloff of this effect is calibrated to produce a slight overlap 

between sequential clips. 

This process creates an interactive sound environment, 

allowing the user to experience not only the visual but also 

the audio elements of the experience. When the user is far 

away from the original path, no audio is heard, since no 

audio was gathered in that part of the environment. The 

closer the user follows the original path, the more they are 

engaged with the audio landscape experienced by the orig-

inal occupant. By following the path in real time, the user 

can fully reconstruct the entire audio experience.

Digital Dérive Nagy, Stoddart, Villaggi, Burger, Benjamin
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Interaction Design

The VR experience is provisioned with a simple user inter-

face designed to help the user navigate the reconstructed 

environment. While wearing the headset, the user can navi-

gate the model through two main view modes, which can 

be toggled with the top controller buttons (Figure 11, left). 

The model mode displays the point cloud at a reduced scale, 

allowing the user the see the extents of the data (Figure 

11, right). In this mode, the user can manipulate the model 

using the controllers with typical zoom-in, zoom-out, orbit, 

and panning functions (Figure 12). Additionally, a drop-

down menu allows the user to select the dataset they want 

to explore. Audio information is disabled in this mode since 

the focus is not to create an immersive experience.

The second view is the first-person mode, which teleports 

the user to ground level for a human-scale experience 

of the model (Figure 13). In this mode the user has two 

navigation options. In the first they can wander freely by 

either physically moving within the bounded “game area” of 

the HTC Vive setup or using a teleport function triggered 

through the controllers. In this mode the audio is enabled 

and behaves as previously described. In the second naviga-

tion option the user can snap to the reconstructed path to 

enter the same journey taken by the original data gatherer. 

In this case the camera’s position is controlled by the loca-

tion and speed of the original walk, while the orientation is 

controlled by the user’s head movement. In this mode the 

audio is played in real time, but because it is ambisonic it 

remains responsive to the motion of the user’s head. While 

relatively simple, these view modes give the user a range of 

experiences with the data, from a top-down holistic view to 

a fully immersive experience that lets them almost literally 

walk in someone else’s shoes.

CONCLUSION
This paper presented a novel process for reconstructing 

urban environments based on individual human expe-

riences. While the method described relies on a clear 

technical workflow, the experience it creates for the user 

raises important questions regarding our understanding 

and experience of digital and physical environments, and 

9 Video frame with color repre-
senting computed depth of each 
pixel from camera frame

10 Video frame with color repre-
senting computed normal vector 
of each pixel
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11 Stills from VR experience 
showing “model mode” and asso-
ciated UI elements. Left: closeup 
of controller with view mode 
selection. Right: (a) neighbor-
hood selection dropdown; (b) left 
controller; (c) right controller.

12 User orbiting and exploring the 
model: (a, b) zooming in and out; 
(c, d) panning and rotating.

13 Still image of VR experience 
showing “first-person mode” 
and associated UI elements: a) 
teleport arc; b) audio source orb; 
c) 2D key map.

the role that precision and fidelity play in our under-

standing of what is real.

As can be seen in Figure 1, the world reconstructed through 

this method is not as complete or perfect as what we are 

used to with rendered digital environments. Since the 

reconstruction process is based entirely on images sampled 

from  a camera worn on the user’s head, only points seen 

from this point of view can be represented. This creates 

large areas of “shadow” in the model where no features are 

represented. While these shadows create an incomplete 

representation of the environment, they also accentuate the 

uniqueness of the reconstruction to the individual experi-

ence of the person who gathered the data. Furthermore, 

since the points in the point cloud are sampled directly from 

the physical environment, the experience captures some of 

the imprecision and noise that we associate with the phys-

ical world. This creates a somewhat uncanny experience 

that in many ways feels more “real” than typical rendered 

artificial VR environments. Although such physical detail can 

Digital Dérive Nagy, Stoddart, Villaggi, Burger, Benjamin
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be captured with greater fidelity by more expensive equip-

ment such as laser scanners, our method more directly 

conveys the individual experience by only showing what was 

seen by the original occupant of the space. 

While the scope of this project was limited to creating an 

immersive interactive experience, the method can also be 

utilized for many applications in architectural design where 

3D-scanning technology is already used. For example, it 

can be used during the design process to understand the 

existing conditions of a building site and after construction 

to understand how closely the completed building matches 

the original design. With this work and continuing research 

we hope to show how emerging technologies can help us 

not only better understand our buildings and cities, but do 

so through the points of view of their individual occupants.
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