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Abstract: We presented a methodology for estimating building heights in downtown Vancouver,
British Columbia, Canada, using a high definition video (HDV) recorded from the International Space
Station. We developed an iterative routine based on multiresolution image segmentation to track
the radial displacement of building roofs over the course of the HDV, and to predict the building
heights using an ordinary least-squares regression model. The linear relationship between the length
of the tracking vector and the height of the buildings was excellent (r2 < 0.89, RMSE < 8.85 m,
p < 0.01). Notably, the accuracy of the height estimates was not improved considerably beyond 10 s of
outline tracking, revealing an optimal video length for estimating the height or elevation of terrestrial
features. HDVs are demonstrated to be a viable and effective data source for target tracking and
building height prediction when high resolution imagery, spectral information, and/or topographic
data from other sources are not available.

Keywords: high definition video; International Space Station (ISS); multiresolution segmentation;
building tracking; height estimate

1. Introduction

The earliest examples of using videos from space in Earth Observation (EO) dates back to the
1970s, with the Return Beam Vidicon (RBV) sensor carried aboard the first three Landsat satellites [1].
However, the RBV operated along the ground track of the satellite, providing a video with a similar
footprint as the 2D multispectral imagery.

Recent directional videos acquired from space orbit, provide a potentially novel viewing
perspective at high spatial and temporal resolutions. While previous studies have used video image
sequences in combination with digital maps and high resolution topographic data, such as Light
Detection and Ranging (LiDAR), to generate 3D building models [2], the extraction of topographic
metrics from directional videos remains less explored. In addition, although unsupervised video
segmentation techniques date back to the 1990s [3,4], this approach has yet to be applied to videos
from space.

As the nadir of non-geostationary earth-observing sensors moves across the Earth’s surface,
the angle of incidence between terrestrial features and the sensor changes (e.g., Figure 1). Consequently,
when recorded to video, vertical objects such as trees or buildings appear to ‘lean” away from a sensor’s
isocenter. This effect, known as radial displacement, is more pronounced with taller objects, whose
apexes will appear to shift away from the isocenter more rapidly than objects closer to the ground.
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This principle is used for a wide variety of photogrammetric applications, including the generation of
digital elevation models [5], detecting and measuring urban objects [6], mapping forest structure and
regeneration [7,8], and improving geo-positioning accuracy [9]. The accuracy of this approach has been
compared to terrestrial laser scanning [10], and has been demonstrated to be an effective complement
to airborne laser scanning for the reconstruction of 3D landscape features [11]. Photogrammetric
measurement techniques are frequently used in conjunction with image analysis and feature extraction
routines [12], and are particularly important in the development of unmanned aerial vehicle positioning
and navigational systems [13].
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Figure 1. Example of radial displacement of buildings over the course of a high definition video

from space.

In this paper, we examine the potential for extracting useful landscape information from this
effect using a High Definition Video (HDV) of Vancouver, British Columbia, Canada, recorded from
space. We analyze the relationship between the height above ground of thirty buildings of various
sizes, and the radial displacement of their rooftops over the course of the video. The degree to which
the duration of the video, and consequently the magnitude of the displacement, affects the relationship
is also assessed.

2. Materials and Methods

2.1. Data Collection

The HDV dataset ‘grss_dfc_2016" [14] covering an urban and harbor area in downtown Vancouver,
Canada (49°15’ N, 123°06' W), was provided by Deimos Imaging and UrtheCast. The full color HDV
(~34 s total) was acquired on 2 July 2015, using the high-resolution camera Iris installed onboard the
Zvezda module of the International Space Station (ISS). The ISS operates in a sun-synchronous orbit
with an inclination angle of 51.6°, covering the same area 15 times per day [15]. This unique orbit
undergoes a precession of approximately 6° per day, providing a wide range of sun illumination angles
for earth observation. Iris utilizes a 14MPixel Complementary Metal Oxide Semiconductor (CMOS)
detector to capture RGB HDVs at 3 frame per second (fps) and converted to 30 fps before delivery to
the user, with a nominal footprint at nadir of 3.8 km x 5.7 km for 400 km altitude [16]. The Iris HDV
frames utilized in this study were fully orthorectified and resampled to 1 m, with a total frame format
of 3840 x 2160 pixels (approximately 3.8 km x 2.1 km).

A total of 1032 frames were extracted from the entire length of the HDV, and a sample of 30
buildings from the downtown area were selected through a stratified random sampling process.
A dataset of georeferenced building footprints for the area was acquired [17], which included each
building’s height above ground. A height threshold of 10 m and a minimum roof area of 500 m? were
applied to eliminate the high number of buildings that were (i) likely to be shadowed by the area’s
taller structures, and/or (ii) commercial row buildings that could not be visually distinguished at the
video’s resolution. Furthermore, the thinness ratio k [18], a measurement quantifying the intricacy of a
shape’s outline, was computed for all building footprints. Samples of ten buildings were then drawn
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from the following three height classes: 10-40 m, 40-70 m, and >70 m, and they represented an equal
number of evenly (k > 0.7) and irregularly shaped (k < 0.7) roofs.

2.2. Roof Tracking Algorithm

Over the course of the video, the movement of the satellite’s nadir causes the radial displacement
of the buildings to gradually increase. From an initial near-orthogonal view, the buildings appeared to
gradually “tilt’ as the video progressed. This effect was measured by tracking the apparent movement
of rooftops within the scene. To this end, an iterative frame-by-frame tracking routine based on image
segmentation was developed and implemented.

A multiresolution segmentation algorithm was applied to each HDV frame in the eCognition
software environment (Trimble Navigation Ltd., Sunnyvale, CA, USA). The composition of
homogeneity criterion for shape and compactness were set to 0.8 and 0.5, respectively, and the
scale parameter was set to 40. Beginning with the geo-referenced footprint of a given building (which
is assumed to have roughly the same shape as the building’s rooftop), the following process was
then iterated over the video frames in chronological order. The segment with the greatest degree of
overlap with the building’s outline was extracted. If the segment was within 30% of the size of the
outline, then the outline of the building was replaced with that segment. If not, the frame was skipped
(Figure 2). The radial displacement of the outline was quantified by measuring the Euclidian distance
between the outline’s centroid (i.e., geometric center) and the centroid of the original building footprint.

®

Video Buildi_ng
footprints

Cycle through
video frames

Select initial
building outline

Multiresolution Advafnce to
segmentation next Irame
Advance to :
next flrame Segmented Building |_ |
' video frame outline
: A
E Select segment E
. with most overlap !
E Overlapping Update outline
. segment with new segment
E Is the segment :
----- FALSE - -<(yithin 30% of the current > -TRUE

outline’s size?

Figure 2. Flowchart of the proposed rooftop tracking method.
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2.3. Building Height Prediction

Given that radial displacement was greater for taller features than smaller ones, the displacement
distance of the outlines was used as a predictor of the buildings” height above ground. Using the
30 sample buildings, the relationship between the two variables was tested using the ordinary
least-squares (OLS) regression.

Displacement increased over the course of the HDV, and so the predictive power of the relationship
may change with time. To investigate this possibility, an OLS regression model was fit at every 0.10 s
interval (i.e., 3 frames). The 1 of each model was recorded and then plotted against time.

3. Results

3.1. Roof Tracking Algorithm

Figure 3 shows an example of the rooftop tracking routine over the course of the HDV. Though
the rooftops are initially in line with the buildings’ footprints, the roofs gradually shift away as the
effects of radial displacement are made evident.

Irregularities in the image segmentation and distortions of the target due to changing viewing
angles, may cause a high degree of variation in the shape of the rooftop outlines. Using centroids to
measure the displacement of the outlines could compensate for these variations.

Initial building
footprint

Figure 3. Example of building rooftop tracking over the course of the high definition video (HDV).
Outlines are colored according to the video time at which they were extracted.

Figure 4 shows the radial displacement of the sample buildings over the course of the video.
Of the 30 sample building rooftops, all but three were successfully tracked to the end of the video
(i-e., within the last 20 frames). These three targets were lost in the tracking process at different times:
31.92's,32.02 s, and 18.24 s from the beginning of the video. Potential causes for tracking failures,
include the gradual distortion of the rooftops” shape or shadowing effects from neighboring buildings.
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Figure 4. Radial displacement of building rooftops in pixels, measured by tracking the movement of
rooftop outlines over the course of the video. Initial building rooftop outlines appear as green polygons.
Green targets represent the centroids of the tracked outlines’ final positions. Green vectors represent
the radial displacement of the outlines. Red polygons represent three buildings that were lost during
the tracking progress.

3.2. Building Height Prediction

The relationship between the sample buildings’ radial displacement and their height above
ground was evaluated over the course of the video by fitting OLS regression models to the two
variables every 0.10 s. Figure 5 shows the change in the r? of these models over time. Outlying points
with lower 12 values (e.g., ~8 s; 15-20 s) are principally due to irregularities in the HDV frame sequence,
leading to gaps between the times when the building outlines were updated. An improved tracking
algorithm capable of updating outlines at every frame would likely yield fewer low outliers, and the
curve itself would reach its plateau earlier. This plateau represents the optimal video length required
for accurately estimating building height. Prior to reaching this plateau, the low degree of radial
displacement is insufficient for computing building heights, whereas the height estimates are no longer
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improved once this plateau has been attained. The best model fit achieved through this process was r

=0.89 (RMSE < 8.85m, p < 0.01).
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Figure 5. Temporal change in the relationship between buildings” radial displacement and height
above ground as measured by the r? of least-squares regression models.

4. Discussion and Conclusions

In this paper, we presented a methodology for estimating building height in downtown Vancouver,
British Columbia, Canada, using a HDV recorded from the ISS. We developed an iterative routine
based on multiresolution image segmentation to track the radial displacement of building roofs over
the course of the HDV.

The degree of radial displacement, as measured by the tracking algorithm, gradually increased
over the course of the video. As the displacement increased, so too did its potential for estimating
building height, achieving an r? of up to 0.89 (Figure 5). However, after having attained a plateau at
~10 s, the accuracy of the height estimates did not considerably improve. This result is of fundamental
importance in situations where only shorter clips may be available. Furthermore, attempts to track
targets for longer periods may also lead to tracking failures, as demonstrated in Figure 4. This study
therefore suggests that an optimal video length exists for the purpose of estimating the height or
elevation of terrestrial features when using HDVs shot from space.

The ISS completes an orbit around the Earth every 90 min, offering videos with unprecedentedly
high spatial and temporal resolution. In addition, the large area covered by its frame (i.e., approximately
3.8 km x 2.1 km) makes monitoring highly dynamic situations possible at broad spatial scales. As the
availability of these videos becomes more widespread, demand for maximizing their value will
increase. Whilst top-down HDVs are typically used for tracking the horizontal movement of targets,
radial displacement allows analysts to extract additional vertical information from a scene. This work
contributes to the establishment of optimal video parameters for this task, which are crucial for
cost-effect acquisition planning. Not limited to spaceborne sensors, the proposed methodology may
be applied to other sources of top-down HDVs, such as those acquired by conventional aircraft or
unmanned aerial vehicles.
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