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Abstract: The high complexity of modern large scale
construction projects leads their schedules to be sensitive
to delays. At underground construction sites the earth-
work processes are vital, as most of the following tasks
depend on them. This paper presents a method for esti-
mating the productivity of soil removal by combining two
technologies based on computer vision: photogrammetry
and video analysis. Photogrammetry is applied to create
a time series of point clouds throughout excavation, which
are used to measure the volume of the excavated soil for
daily estimates of productivity. Video analysis is used
to generate statistics regarding the construction activities
for estimating productivity at finer time scales, when com-
bined with the output from the photogrammetry pipeline.
As there may be multiple causes for specific productivity
levels, the automated generation of progress and activity
statistics from both measurement methods supports in-
terpretation of the productivity estimates. Comparison
to annotated ground truth for the tracking and activity
monitoring method highlights the reliability of the ex-
tracted information. The suitability of the approach is
demonstrated by two case studies of real-world urban ex-
cavation projects.

1 INTRODUCTION

Construction sites involve significant quantities of re-
sources, including multiple types of manpower, equip-
ment, and materials. Proper coordination of these tem-
porary entities positively impacts on-site productivity,
which in turn influences construction safety, costs, and
schedules (Goodrum et al., 2009; Zhai & Goodrum, 2009).
In a related vein, awareness of labor productivity has
been shown to improve the direct work rate (Gouett &
Haas, 2011). Thus, the existence of on-site productiv-
ity measurements is sufficient to improve on-site opera-
tions and mitigate any adverse conditions that may im-
pede progress.

Progress tracking and resource utilization tracking con-

stitute two distinct components of productivity measure-
ment. Specifically, progress tracking measures quantities
installed while resource utilization tracking measures con-
sumed work hours as well as how such work hours were
spent (Zhai & Goodrum, 2009). The key difference be-
tween the components lies in the definition of productiv-
ity. A resource can be fully utilized but not achieve any
progress. An excavator can move soil within an excavation
area all day, but not be productive in terms of the volume
of soil removed from the excavation area within a certain
time. Current techniques for site operation analysis, as
described by Goodrum et al. (2009), focus on the mon-
itoring of construction progress and the measurement of
work task productivity, but are heavily based on manual
efforts or at best partially automated. In real operations
they are frequently out-of-date (Gong & Caldas, 2011).

Many current research efforts associated to progress
and productivity monitoring seek to prove the hypoth-
esis that it is possible to reliably track multiple resources
with images (video and/or time-lapse) in order to repro-
duce the daily workflow activities associated to a con-
struction site. The intent behind such monitoring and
analysis is to automatically provide critical information,
through computer-vision algorithms, on construction op-
erations for improved decision making in construction en-
gineering and management (Teizer et al., 2005).

This paper focuses on a vision-based approach to the
automatic estimation of productivity associated to exca-
vation processes on a construction site. Earthwork pro-
cesses are often subject to unanticipated delays (Assaf &
Al-Hejji, 2006), which are likely to propagate through the
entire remaining schedule and adversely impact progress,
productivity, and costs (Koehn et al., 1978). The pre-
sented work impacts research into excavation operations
by enabling the automated monitoring and tracking of
on-site resources. Video-based monitoring, photogram-
metry and processing algorithms provide a non-intrusive,
easy, inexpensive, and rapid mechanism for generating a
body of operational information and knowledge on the
progress and productivity of excavation operations. If
made available to project stakeholders, the information
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and knowledge would enable inquiry into construction op-
erations that is currently not possible (Bohn & Teizer,
2010). Longer term, vision-based research can serve as a
valuable aid to project management by enabling tighter
control and greater efficiency.

Demonstrating that a visual measurement system can
effectively analyze and assess work-site productivity will
assist project managers by reducing the time spent mon-
itoring and interpreting project status and performance,
thus enabling increased attention to the control of cost
and schedule. By making project management and work-
force more aware of the performance status of their
project and their work environment, potential savings to
the industry are envisioned. Since benefits in construction
often impact a broader theme of issues, they are likely
to impact schedule, cost, safety, and quality at the same
time.

Contribution. This paper introduces a novel method-
ology which combines two different sources of data (pho-
togrammetry and video analysis) to gain insight into the
productivity of earthwork operations. Here, earthwork
operations refers to the coordination between excavators
and dump trucks for soil removal. The proposed work
flow, illustrated in Figure 1, retrieves the excavated vol-
ume from point clouds created through photogrammetry
algorithms, generates activity statistics of interacting ex-
cavators and dump trucks from automatically processed
surveillance video, then fuses the information to arrive
at soil removal productivity estimates over the course of
a day (e.g., at hourly intervals). Statistical analysis of
the excavated volume progress and the machine activity
states provide supporting information for understanding
the factors influencing the estimated productivity levels.
By reacting upon this knowledge, a more optimal alloca-
tion of resources can be found, saving time and costs for
project stakeholders.

2 RELATED WORK

While current research into construction site monitoring
has considered non-vision technological solutions such as
Radio Frequency Identification (RFID) and Ultra Wide-
band technology (Cheng et al., 2013; Costin et al., 2012;
Grau et al., 2009; Saidi et al., 2011), and Global Position-
ing Systems (Grau et al., 2009; Pradhananga & Teizer,
2013; Vahdatikhaki & Hammad, 2014; Vasenev et al.,
2014), the current focus of the related work is on vision-
based solutions. Further, the emphasis is on passive imag-
ing as opposed to active imaging such as that provided by
laser scanners (Bosché, 2010). Although laser-scanning
methods are known to have better accuracy and mea-
surement density, passive imaging solutions have been
shown to provide complementary capabilities that make
them suitable to certain monitoring tasks (Golparvar-
Fard et al., 2011; Malinovskiy et al., 2009). The review
will first cover vision-based progress monitoring via 3D

reconstruction of the construction site, and then cover
vision-based activity estimation for on-site resources.

2.1 Image-Based Progress Monitoring.

The use of imagery to estimate construction progress
and connect it to building information models (BIM) has
been demonstrated to work using fixed cameras mounted
around the construction site (Karsch et al., 2014; Lukins
et al., 2007). Due to the geometric complexity and poten-
tial occlusions on larger work-sites, hand-held imaging de-
vices are often preferable (Marzouk & Zaher, 2015). Suc-
cessful methods use hand-held devices and photogram-
metry (Braun et al., 2015; Dimitrov & Golparvar-Fard,
2014; Golparvar-Fard et al., 2011; Walsh et al., 2013),
with some methods specialized to particular elements of
the built infrastructure such as façades and roofs (Aydin,
2014; Fathi & Brilakis, 2013). Photogrammetry uses pho-
tos typically taken by a pedestrian worker equipped with a
conventional digital camera as input data and generates,
through computational algorithms, a three-dimensional
point cloud of the imaged site. Contemporary research
has also focused on unmanned platforms for performing
the data collection (Mills et al., 2010; Siebert & Teizer,
2014; Zhang & Elaksher, 2012). The focus of this paper is
on excavation processes and volumetric analysis. Prelimi-
nary work presented by Bügler et al. (2013) estimated the
current progress of an excavation process by determining
the excavated volume through the Visual Structure from
Motion (VisualSFM) algorithm (Wu, 2011).

2.2 Vision-Based Resource Tracking

Using passive imaging cameras aimed at a worksite for
performing resource tracking and activity monitoring re-
lies on applying methods and tools from surveillance re-
search (Collins et al., 2000). As will be detailed further in
Section 4, video surveillance systems require the connec-
tion of several modules, which perform object detection,
identification, tracking, and reidentification (needed when
an object leaves and returns the scene). Once these basic
components are functional, an additional interpretation
module may be added in order to identify behaviors or ac-
tivities engaged by the tracked objects within the sensed
scene (Haritaoglu et al., 2000). These may be further
decomposed into typical or unusual (Javed et al., 2003).
Further analysis of the behaviors and activities over time
may be performed in order to identify key events, which
can then be entered into a database or spreadsheet for
reporting or query purposes. For example, the system by
Tian et al. (2008) performs event-based retrieval, provides
real-time event alerts through the internet, and extracts
long term statistical patterns of activity in a more general
setting.
Detection. Resource detection on construction site

videos is broadly categorizable into two approaches: ob-
ject detection algorithms and general foreground esti-
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Figure 1: Data flow diagram of proposed concept

mation algorithms. Detection algorithms, usually rely-
ing on machine learning techniques, involve training to
learn the unique signature of a given object. Algorithms
include neural networks (Rezazadeh Azar & McCabe,
2012a), support vector machines with specific feature
models (Memarzadeh et al., 2012), random forests (Park
et al., 2011a), and parts-based models (Rezazadeh Azar &
McCabe, 2012b). Parts-based modeling approaches work
best for articulated objects since their appearance geome-
try has high variation, which can be compensated through
multiple, individual part detectors. Since detection-based
methods often seek specific targets, the resource type will
typically be known from the detection itself. Foreground
estimation algorithms tend to be simpler; they generate
a model of the expected scene and classify continuous re-
gions that do not match the model to be target regions
(Chi & Caldas, 2011; Gong & Caldas, 2009). Foreground
estimation works well when the entrance into the scene of
the object is controlled, or the object of interest is not oc-
cluded by other foreground objects (Yang et al., 2011). In
less controlled settings, stronger results are obtained by
combining the two techniques (Chi & Caldas, 2011; Gong
& Caldas, 2011; Rezazadeh Azar & McCabe, 2012a). The
value is due to the fact that foreground detection meth-
ods do not classify the detected objects. Therefore, the
addition of object recognition or object detection algo-
rithms to classify the foreground regions has the added
benefit of both rejecting irrelevant foreground detections
and recognizing the resource category.

Tracking. When seeking to estimate target trajecto-
ries from target detections, additional processing is re-
quired to keep track of the detected objects over time.
Situations such as short term occlusion, trajectory cross-
ings, and object overlap, all lead to target label ambiguity
and require data association methods to properly link de-
tections across frames. A common approach is to utilize
spatio-temporal reasoning to generate the proper associ-
ations (Chi & Caldas, 2011). An alternative approach is
to incorporate a target tracking algorithm, which utilizes
the detection region to generate a specific signature model
for the target, then search for the signature in future
frames independently from the detection results. There
have been comparative papers studying the performance

of specific tracking algorithms on construction worksites
(Park et al., 2011b; Teizer & Vela, 2009) with proba-
bilistic and kernel-based methods showing strong perfor-
mance. Kernel-based methods have been used since for
tracking on-site resources (Park & Brilakis, 2012). Yang
et al. (2010) used a probabilistic kernel method to track
multiple workers with overlapping trajectories, showing
that these methods can be modified to handle occlusions.
Ogunmakin et al. (2013) extended these results to rigid
construction machines observed from a distance. While
most tracking papers are on tracking with a single camera
view, Brilakis et al. (2011) demonstrated 3D tracking of
construction site resources using stereo video.

Activity Analysis. For a detected and tracked con-
struction resource, further analysis of the object’s visual
stream provides important information regarding the role
and contribution of the resource to the construction pro-
cess. Deciphering this information falls within the cate-
gory of activity analysis. Activity analysis on a construc-
tion site involves determining the action each target in
the scene is engaged in over a period of time. Early ac-
tivity analysis utilized sensors installed on the resource of
interest, with demonstrated proof of concept (Ake, 2001).
Since then, research has explored the feasibility of vision-
based strategies by translating advances in computer vi-
sion to the construction field. The vision-based research
literature, not just in construction but in general, can
be split into activity identification through analysis of
specific spatio-temporal visual features of the resource or
through analysis of the trajectory and proximity informa-
tion.

The former category has mostly focused on articulated
resources, such as personnel and machines (Peddi et al.,
2009; Weerasinghe & Ruwanpura, 2010). By decoding the
articulation poses or target feature elements over time,
the activity category can be inferred (Khosrowpour et al.,
2014; Yang et al., 2015). Work activities may be broken
into effective work, ineffective work, or contributory work
for productivity analysis (Peddi et al., 2009).

In some cases, knowledge of trajectory and proximity
information is sufficient to infer the activity state. The
addition of a-priori information about the targets and
their work packages, the location of regions of interest
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plus their meaning, and the trajectories of each target
enables the decoding of activities through Markov models
based on work process diagrams (Gong & Caldas, 2009;
Yang et al., 2011). Site analysis is possible for earthwork
processes since the quantity and types of equipment are
limited during this part of the construction phase, and the
activities can be inferred from the interaction dynamics
of the machines (Ogunmakin et al., 2013).

Productivity Estimation. Analysis of activity state
estimates over time, when connected to specific work
packages, provides productivity data for the work pack-
ages (Gong & Caldas, 2011). Over short time intervals,
with specific work packages, productivity can be inferred
through the activity states coupled with some minimal
information regarding the task (Navon, 2005). For longer
time intervals, however, it is more useful to connect activ-
ity statistics to actual progress, which requires progress
tracking. To date, we are unaware of any vision-based so-
lutions that provide productivity estimation of construc-
tion site operations through the measurement of progress
and activity states over time.

3 VOLUME CALCULATION USING
PHOTOGRAMMETRY

The proposed approach to quantify the amount of exca-
vated soil on an excavation site is to create a 3D point
cloud of the site space via photogrammetry. The pho-
togrammetry algorithm used is VisualSFM (Wu, 2011).
The algorithm locates feature points within the recorded
photos using the scale invariant feature transform SIFT
(Lowe, 1999). Those features are then matched among
the individual photographs. Features visible in at least
three photographs are then used to triangulate points in
three dimensional space (see Figure 6a). Those points
eventually form a point cloud. Additionally the patch
based multi view stereo (PMVS) algorithm (Furukawa &
Ponce, 2010) can be used to create a denser representa-
tion of the scene and to add information about the local
surface normals throughout the point cloud.

Once the point cloud is generated, volume calcula-
tion of the point cloud required several additional steps.
First, the points outside of the excavation area are cleared
from the point cloud through conditional Euclidean clus-
ter analysis (Lefkovitch, 1980). Second, a consistent top
plane, which covers the excavation area, is found by per-
forming a vertical histogram analysis, showing a sudden
drop in the number of points along the vertical axis, which
is consistent over the time series of point clouds in the case
studies.

For sites with very close surrounding trees or build-
ings the histogram might not be sufficiently accurate, in
which case markers are placed on site. Those markers act
to precisely demarcate a reference plane, most commonly
the ground level of the soil prior to excavation, for vol-
ume calculation. To resolve the scale ambiguity of the

site arising from photogrammetry, the scale of the site is
calculated from known distances between marker points,
or known distances between points in the scene. Either
the known features, such as bored pile walls, or the mark-
ers have been located within the point clouds in order to
determine the scale. All points above the top cover plane
are removed and gaps remaining in the point set are filled
using linear interpolation. The volume of the excavation
pit is calculated using signed tetrahedron volumes of a
mesh generated from the top plane and the point cloud.
More details on the entire procedure are given by Bügler
et al. (2013). The documented point clouds in this paper
were each calculated on the basis of several hundred pho-
tos, per session, processed offline to create a point cloud
of high density, containing more than a million points.

4 VIDEO ANALYSIS

Following the approach by Ogunmakin et al. (2013), this
paper presents an automatic surveillance system for pro-
cessing videos of excavation operations that requires a-
priori information about the construction work site lay-
out and any activities of interest. The problem setup
involves a single monocular camera configured to view a
scene where activities of interest could occur. The camera
view is assumed to provide an angled sideways view from
a high enough vantage point that the region of interest
fits within the field of view. The targets of interest are
dump trucks and excavators. After processing the video,
the system provides an automated report of the activity
states of the targets (moving, static, or excavating) and
the statistics associated with the activities of interest.

Figure 2 depicts the main steps of the online algorithmic
processing, which includes the following elements:

1. Background modeling: Background estimation to ini-
tialize the background subtraction model and to iden-
tify potential targets via foreground detection.

2. Target detection: Foreground objects analysis to de-
tect new targets and learn their respective appear-
ance models for re-identification.

3. Tracking: Check whether a tracker has been lost,
check the entrances for new targets, and, if a target
is detected, re-identify previously seen targets.

4. Activity status estimation: Activity status estima-
tion for each tracked target based on regions of in-
terest.

The system processes video at real-time, given a frame
rate of 10 frames per second. Once the whole video se-
quence is tracked, the results are passed to an event de-
tection processor that outputs the average time spent in
the region of interest, the number of targets that entered
the region of interest, the number of targets that entered
the scene, how long they spent in each region of interest,
and each target’s deviation from the average time spent
in the region of interest. The post-processing event de-
tection step completes in less than 10 minutes of time for
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Figure 2: Process flow for the automatic surveillance system.

a full workday. The subsections that follow describe the
different modules included in the system and their imple-
mentation details.

4.1 Foreground-Based Target Detection

Target detection is performed using the background Gaus-
sian Mixture Model (GMM) method proposed by Stauffer
& Grimson (1999), which determines foreground based on
the probability of a pixel belonging to the background.
The GMM is initialized using the background estimation
technique of Reddy et al. (2009). Figure 3 illustrates dif-
ferent background models created for one of the case stud-
ies. The blurred or pixelized areas in the image were inter-
polated image regions, in order to remove machines from
the scene.

Regions with low probabilities, as determined by a
threshold, define the foreground regions. Coupling these
foreground detections with the worksite layout informa-
tion (e.g., entrance gates or zones), establishes when a
target first enters the scene. For a given frame, the fore-
ground regions need to be classified as excavator, dump
truck, or neither. To differentiate between the two ma-
chines, the size, and aspect ratio of the detected entity is
used to decide whether it is a dump truck or an excava-
tor. The area of the region is used to determine whether
it should be classified as one of these machines or as a
spurious detection.

4.2 Kernel Covariance Tracking

An improvement on the kernel covariance tracker used in
Ogunmakin et al. (2013) is utilized for tracking detected
targets. Two improvements were made: (1) reduction of
data before tracking (Kingravi et al., 2013), and (2) in-
troduction of a scale space search with upper limits and
lower limits. The data reduction step saves memory and
lowers the computational cost of tracking. The scale space
search allows the tracker to handle changes in scale. To
initialize a tracker, the target’s tracker model is learnt
by mapping its feature vector, consisting of its color and

spatial information, into a higher dimensional space us-
ing the Gaussian kernel and performing kernel principal
component analysis. For every frame and each target, a
gradient ascent procedure localizes the target by compar-
ing the foreground image data with the targets’ learnt
model in order to optimize the region similarity.

4.3 Activity Status Estimation

The activity status of the machines follows that of Bügler
et al. (2014), where machine activity is decomposed into
static, moving, absent, and filling. An activity check is
performed when an excavator and a dump truck are in
close proximity. This is the case when the closest dis-
tance between the outlines of the machines is low relative
to the sizes of the machines. In the presented case stud-
ies, a threshold equal to the expected length of one dump
truck proved effective. Then, the movement of the exca-
vator in the proximity zone of a dump truck establishes
when an excavator might be filling a dump truck. This
state can only be triggered when the two machines are in
close proximity and the dump truck is static. Compared
to Golparvar-Fard et al. (2013), where the machine ac-
tivity is determined using machine learning with spatio-
temporal features, the presented system utilizes optical
flow to detect the dump-truck filling activities. It relies
on the angled sideways camera view (as opposed to a top-
down view).

4.4 Event Detection Processor

The event detection processor takes as input the trajec-
tory information from the tracker and the results from
the activity status estimation, and uses this to generate
the statistics needed to determine the time spans of the
work activities of the excavators and dump trucks. The
metrics computed are the number of dump trucks that
entered the scene (ntrucks), how much time they spent in
the scene (tscene), how much time they spent in the region
of interest getting filled (troi), how many bucket loads of
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Figure 3: Estimated background models (pixellated regions are interpolation artifacts from deleted machines).

soil were placed in each dump truck (nbuckets), and how
long the machines spent idle while in the scene (tidle).

The number of dump trucks that entered the scene,
ntrucks, is computed by counting the number of track-
ers initialized for detected dump trucks. Their duration
in the scene, tscene, is obtained by subtracting the time
stamp they left the scene from the time stamp they en-
tered the scene. The time spent being loaded by the exca-
vator, troi, is determined using the results from the activ-
ity estimation. It sums up the total amount of time the
activity estimation detected that the dump truck was be-
ing loaded. The number of bucket loads, nbuckets, is also
determined by the activity estimation module by counting
how many times it detected the excavator bucket over the
dump truck using optical flow (optical flow measures the
apparent motion of pixels from one frame to the next).
The time the machines spent idle in the scene, tidle, is de-
termined by checking how much movement has happened
between frames. Movement below a threshold triggers the
idle state.

The event processor tabulates the temporal statistics
of the activities and also identifies events, such as filling
cycles and outlier time spans. A sample activity timeline
and summary pie chart is given in Figure 4 for a 6 minute
segment of processed video.

5 PERFORMANCE ANALYSIS

The performance of machines, operators, workers, and
processes is commonly described by performance factors,
such as soil removed per hour/day, the quantity of dump
truck loads per hour, or the time required by a truck to
transport soil to a dump site. The data acquired by cam-
eras, as described in the previous sections, may indicate
instances where those factors deviate from established val-
ues. In those cases it is important to determine the rea-
sons for the failure and update the respective performance
factors.

In the context of this research the performance is de-
fined as the amount of soil removed from the site per
time. Given two volume measurements provided by the
photogrammetry approach, this is calculated as defined in

Equation (1), where t1 and t2 are the points in time and
are vt1 and vt2 are the respective volumes of the excavated
pit,

τp =
∆v

∆t
=
vt2 − vt1
t2 − t1

(1)

This performance factor is calculated on a daily basis, but
it does not provide deeper estimates during the course of
the day, nor insight into the causes for the observed per-
formance factors. Thus, video analysis is used to calculate
the performance factor on a hourly (or finer) basis based
on the number of excavation buckets nbuckets counted.
The volume of a bucket is assumed known for a given
excavator. The automatically tabulated statistics associ-
ated to daily activity levels and provided via charts assist
with the interpretation of the measured productivity lev-
els.

Due to the swell factor of soil, which expands during
excavation, and due to the varying filling level of the
bucket, activity analysis only provides a rough estimate
and the resulting performance factor τv can be assumed
to be larger than τp. Furthermore, the volume error will
accumulate on the long run and reduce the reliability of
the volume estimates. As the swell factor and the filling
level of the bucket can be assumed to have a low vari-
ance within a day or so, the statistical data of the video
analysis is normalized by the daily volume measurement,
which provides an absolute measure of the excavated soil.
Normalization is achieved by assuming that both mea-
surements should yield an equal performance factor. Im-
posing equality involves scaling τv to the same value as τp
by correcting the bucket volume to the mean volume re-
quired to equalize the performance factors. The corrected
bucket volume is calculated by dividing the excavated vol-
ume calculated via photogrammetry by the number of
bucket loads counted via video analysis. Taking this cor-
rected bucket volume into account, the statistics resulting
from the video analysis can be accurately scaled to yield
hourly performance factors for the excavation process that
do not suffer from a cumulative error.

By combining the absolute volumetric measurements
of photogrammetry with the fine temporal resolution of
video analysis, the presented approach automatically pro-
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vides accurate earth excavation performance factors for
arbitrary time intervals. In addition, the developed video
analysis techniques allow for a detailed analysis of the
causes for performance fluctuations. As the event detec-
tor allows for measuring time intervals, a detailed analy-
sis of the interaction between excavator and dump trucks
becomes possible: If the created statistic shows that the
dump trucks are absent over long periods of time, the
reason for a low productivity is an insufficient number of
available dump trucks. If on the other hand, the absent
time is reasonably low and the filling time is higher than
expected, the low productivity is caused by the excavator
which can result from tough earth conditions, for exam-
ple.

On the basis of these statistics and their root causes,
the site manager can take the appropriate measures, i.e.
employ more dump trucks or use alternative excavation
machines. The resulting data can also be used for updat-
ing the performance factors database most construction
companies maintain as a basis for project calculation and
tendering.

6 CASE STUDIES

This section outlines two large construction projects that
have been used to perform case studies using the pro-
posed approach. Both projects included very large exca-
vation tasks which were tracked using video cameras and
photogrammetry. For the video analysis, an accompa-
nying annotation software package was created for man-
ual generation of the ground truth. An operator manu-
ally counted buckets and dump trucks using this software
package, as well as annotated the activity states. The op-
erator was shown a time-lapse of the video while clicking a
button for bucket loads, as well as for entering or leaving
dump trucks. All averages provided are robust averages,
which limit the influence of outliers on the mean calcu-
lation, based on robust regression (Huber & Ronchetti,
2009). Points farther from the predicted linear regression
models are given lower weights in each iteration until the
model converges. The weights are thresholded to deter-
mine which data points are outliers.

Figure 5: Plan view of the Josephsplatz construction site
with camera view overlay (opaque trapezoid).

6.1 Underground Parking Garage Josephsplatz

The first case study is a parking garage being built in
plaza Josephsplatz within Munich, Germany. The layout
of the site is illustrated in Figure 5, with an overlay of the
region sensed by the video camera (trapezoidal region)
and a double-arrow indicating the entrance/exit region of
interest for the dump-trucks. Objects leaving the field of
view through other areas were labeled lost but not gone.
Frames of the recorded video are shown in Figure 4.

Photogrammetry. Photos to track the progress were
taken throughout the excavation process, which was ob-
served for 36 days. Point clouds were generated at in-
tervals of 2-6 days by an operator with a single mobile
camera. The limiting factors preventing more frequent
point cloud estimates were holidays, available manpower,
and weather conditions. The resulting point clouds were
then used to measure the volume between measurement
time points. The course of the excavation process is illus-
trated with two point clouds in Figure 6a. Generally point
clouds could be created on a daily basis to give feedback
about the previous day’s productivity on each morning.
This will give decision makers the opportunity to react
appropriately to observed delays.

As video recording of site operations occurred on day
26 for a continuous 4 hour time period (the gray region
in Figure 6b), point cloud measurements were specifically
made to coincide with the video recording time-span. Two
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Figure 6: Photogrammetric progress monitoring results at Josephsplatz site during the observation period.
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Figure 7: Dump truck activity statistics for Josephsplatz site on day 1.

additional point clouds were generated prior to and after
the video was recorded. For the recorded four hour pe-
riod an excavated volume of ∆v = 418m3 was calculated,

yielding an average performance factor of τp = 104.5m3

h .

Video Analysis. After the video tracking process
completed, the event processor combined the tracking
and activity estimation results to generate the illustrated
statistics. A total of 22 trucks were detected in the pro-
cessed video, with 0% error compared to the ground truth.
A total of 171 bucket loads were detected compared to
the ground truth of 177 bucket loads (3.4% error). The
total volume of the excavator’s bucket was 2.5m3. Us-
ing the ground truth, this results in a performance factor

of 110.63m3

h . Using the estimated 171 buckets, this re-

sults in a performance factor of 106.88m3

h . The constants
entering in these calculations were re-estimated based on
the photogrammetry estimates. Calculating the corrected
volume of soil excavated per bucket, using the ground
truth, results in a bucket volume of 2.36m3. Calculating
the corrected volume of soil excavated per bucket, using
the estimation, results in a volume of 2.44m3.

Figure 7b shows the total time each dump truck spent
in the scene for loading, compared to the manually ob-
served ground truth. The red line indicates the estimated
average loading time per dump truck, excluding outliers,

which was 3.67 minutes, while the pink line indicates the
ground truth average time per dump truck which was 3.76
minutes, for a 2.4% error between the estimated results
and ground truth. There were five identified outliers tak-
ing 4.8 minutes or more. The estimated total amount of
time the dump trucks were in the scene was 88.3 minutes
out of 240 minutes of video (39% of video duration), com-
pared to the ground truth of 89.9 minutes (37.5% of video
duration), with 1.7% error between the estimated results
and ground truth. The inter-arrival time is the time du-
ration between when the previous dump truck enters and
the next dump truck enters. The inter-arrival time for
this video sequence is shown in Figure 7c. For the first
dump truck, the inter-arrival time quantity measures the
amount of time from the start of the video to when the
dump truck first entered. The estimated average inter-
arrival time between the dump trucks was 7.3 minutes
excluding the automatically identified outliers, while the
ground truth was deviating by 0.02%.

Productivity Assessment. Using the bucket capac-
ity, corrected using the photogrammetry measurements,
of 2.36m3 together with the detected bucket load provides
soil removal estimates at finer time intervals. Figure 8
shows a plot of the cumulative soil removed over the 240
minutes of recorded video compared to the ground truth
(right y-axis labels). Measurements are provided for each
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ten minute interval. Estimates of the performance factor
are provided for each thirty minute interval (left y-axis
labels). The chart provides information on the overall
productivity of the excavator and dump-truck collabora-
tion. Productivity was steady to the 3 hour mark, then
stalled. Additional statistics to provide context for the
productivity levels are provided below.

The excavation volume measured over time by means
of photogrammetry is plotted in Figure 6b. The progress
was thresholded to determine when significant progress
occurs. Blue solid line segments indicate a time inter-
val where significant progress occurred, while red dashed
line segments indicate a time interval where little progress
occurred. As seen in Figure 6b, there were four measure-
ment intervals where there were no significant progress.
The average amount of soil removed per day during these
intervals was less than the threshold of 200m3 (a different
level could be chosen). The average volume removed per
day, excluding days without significant progress is 874m3.
Presuming at least an 8 hour work day, the productivity
seen on day 26 appears to be about average.

The statistical evaluation of the video analysis results
is depicted in Figure 7a. It indicates what percentage
of total recording time the different activity states of the
dumper trucks were observed. The aggregate statistics
indicate that it is possible to improve on the efficiency of
the process by incorporating more dump trucks to reduce
the idle times of the excavator and increase the amount of
soil removed from the site, since only 39% of the available
filling time was used. Analyzing further, the fairly steady
arrival of dump trucks, with the exception of the few out-
liers, indicates that there were no transportation issues.
The average loading time, 3.76 minutes, and the average
inter-arrival time, 7.3 minutes, also show that it’s possible
to incorporate additional dump trucks. The inter-arrival
times did increase in the latter half of the day, the source
of which should be investigated further by the project
manager. The productivity levels seen during this period
could be improved.
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Figure 8: Soil removal statistics for Josephsplatz site

6.2 Hospital Building translaTUM

The second project is a building called translaTUM which
is an extension of the Hospital ”Klinikum rechts der Isar”
in Munich, Germany. The layout of the site is illustrated
in Figure 9a, with an overlay of the region depicting the
video camera perspective (trapezoidal region) and double-
arrows indicating the entrance/exit region of interest for
the dump-trucks. Site observation involved six pan-tilt
cameras mounted around the site and used to take pho-
tographs. One camera was configured to record and trans-
fer video. Additional photos were taken by an operator
with a single mobile camera. Video was recorded for four
full days, from day 8 to day 11, while the point clouds were
created every evening. Days 9 and 10 fell on the weekend,
during which no work was performed. A snapshot of the
recorded video is shown in Figure 9b.

Photogrammetry. Due to rain, snow and difficult
light conditions, not every photo session had sufficient
quality to generate a clean point cloud. Therefore, only
the point clouds with sufficient density were analyzed
Eleven measurement sessions out of 90 were of satisfactory
quality. The low success rate can be fully attributed to ad-
verse weather conditions which produced low quality im-
ages during periods of strong rain and to improper place-
ment of some cameras relative to the active work zone.
Strong winds shaking the cameras additionally blurred
the photos taken. When used by construction industry,
these shortcomings would be counteracted by investing in
better hardware. Two of the generated point clouds are
shown in Figure 10a, and a time series plot of the cumu-
lative excavated volume is graphed in Figure 10b. The
larger time gaps between point cloud measurements have
flat progress indicating that construction activity was also
impacted by the same weather conditions.

During the video recording period, marked by the gray
region in Figure 10b, a total of ∆v = 774m3 were ex-
cavated as calculated through the photogrammetry ap-

proach. This results in a performance factor of 32.25m3

h .

Video Analysis. Video recorded on work days 8 and
11 was processed. The ground truth was again manu-
ally annotated for the activity information sought. On
day 8, 37 out of 38 trucks were detected by the system.
The system detected 305 out of 313 bucket loads (2.56%
error). On day 11, the system detected 74 trucks when
there were actually 73 trucks, and 334 out of 596 bucket
loads (55.04% error). The total volume of the excavator’s
bucket was 1m3. Using the ground truth of 909 buckets,

results in a performance factor of 37.88m3

h . Using the es-

timated 639, results in a performance factor of 26.63m3

h .
The measurement errors on day 2 lead to a 29.70% error
in the performance factor. Calculating the corrected vol-
ume of soil excavated per bucket, using the ground truth,
results in a bucket volume of 0.85m3. Calculating the
corrected volume of soil excavated per bucket, using the
estimation, results in 1.21m3. The performance factor er-
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(a) Plan view with camera view overlay (opaque trapezoid). (b) Cropped snapshot from recorded video.

Figure 9: The translaTUM construction site information, video geometry, and image view.

(a) Point clouds with color.
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(b) Cumulative excavated volume.

Figure 10: Photogrammetric progress monitoring results at translaTUM site during the observation period.

ror leads to a larger, unrealistic excavation volume for the
bucket, so the value was capped at 1m3.

Figure 11 contains charts of the amount of time each
truck spent in the scene as part of the loading process,
for the two days analyzed. The average estimated loading
time for day 8 is 4.87 minutes, with a ground truth time
of 4.23 minutes, for a 15.1% error. The average estimated
loading time for day 11 is 3.03 minutes, with a ground
truth loading time of 3.85 minutes, for a 21.30% error.

The major outliers over the average red line in Figure
11a were due to the tracker losing the targets and drifting
to another foreground object in the scene. Track loss
was caused by the excavator moving behind a fence, as
shown in Figure 9b, whereby the truck too would drive
to a region of space occluded by the fence. Such errors
can be prevented by better camera placement, or through
multiple cameras. The major outliers below the average
red line in Figure 11c were due to occlusion-based track
loss. The detector detected trucks it had missed when
they first entered the scene, and it also re-detected the
trucks the tracker lost as they exited the scene.

Figure 12 charts the inter-arrival times of the trucks
tracked as well as the ground truth (the red line is the
average value). The average estimated inter-arrival time
for day 8 is 6.07 minutes, with a ground truth time of
6.24 minutes, for a 2.72% error. The average estimated

inter-arrival time for day 11 is 6.07, with a ground truth
time of 6.4 minutes, for a 5.44% error.

Productivity Assessment. Using the bucket capac-
ity of 1m3 obtained from capping the corrected bucket ca-
pacity vbucket cor to the maximum possible, together with
the detected bucket loads over time provides the soil re-
moval statistics depicted in Figures 14 and 15. Figure 14
shows the estimated amount of soil removed per hour on
both days, and Figure 15 shows the cumulative soil re-
moved on both days. For the first day the algorithm does
a good job matching the ground truth. Due to near to-
tal occlusions of one of the excavators on the second day,
many of the shovel loads were missed. The estimated vol-
ume excavated is 639 m3 which is 17.44% off from the
photogrammetry measurement. In both cases, consider-
ation of the slopes without regard to the actual values
provides a high-level indication of productivity through-
out the day. On Day 8, productivity was quite good up
until the fourth hour (240 minutes in) at which point it
practically halted. Day 11 productivity experienced a lull
after about 5 hours in (300 minutes), then resumed for
about 3 hours.

The progress of the excavated volume over time is plot-
ted in Figure 10b. Blue solid line segments indicate time
intervals with significant progress, while red dashed line
segments indicate time intervals with low progress. As
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seen in Figure 10b, there are six measurement intervals
with no significant progress (less than 200m3). This is rel-
evant because excavation processes, especially of deeper
excavation pits, require shoring operations, such as the
anchoring of bored pile walls. These operations then tem-
porarily interrupt the excavation processes. The average
volume removed per day, excluding days without signif-
icant progress, is 913m3. As a performance factor, this
equates to 91.3m3/h for a 10-hour day. By day 31, around
10,000 m3 of soil was removed, which tracks closely to the
soil removal from the Josephsplatz sites, however, there
were more days with little to no activity compared to
Josephsplatz. For the two days observed, the productiv-
ity levels were below the productivity level associated to
the typical day. Even if day 8 were to have been fully
utilized, progress would be below average for that day.

The event processor generated the pie charts in Fig-
ure 13 of the aggregate statistics for the two days. The
statistics for the two days are similar when considering
the amount of time that dump trucks were absent versus
within the scene. Much like the Josephsplatz case, the
high percentage of dump truck absence means that ad-
ditional dump trucks should improve progress. Further,
the high percentage of dump-truck absences and static
moments combined with the disparity between the dump-
truck inter-arrival times and the dump-truck filling times
indicates that performance could be nearly doubled to
match the average performance value.

6.3 Discussion

Combining photogrammetry and automated video anal-
ysis technologies overcomes their individual limitations
and enables earthwork productivity analysis with suffi-
cient accuracy and temporal resolution so as to provide
daily feedback to project managers. While photogram-
metry provides precise information about the quantity of
removed earth volume, its application demands compar-
atively high effort and is thus performed only once a day.
Productivity analysis based purely on photogrammetry
will thus have a rather coarse temporal resolution. In ad-
dition, it is not possible to identify the probable causes
for low performance. On the other hand, video analysis
provides in-depth insight into the interaction between ex-
cavators and dump trucks, and allows statistical analysis
of processing times, idle times and more, at a finer tempo-
ral sampling rate relative to photogrammetry. However,
video analysis does not provide precise quantities of exca-
vated earthwork due to measurement uncertainty. Cou-
pling the two measurement strategies results in a power-
ful tool which allows earthwork productivity analysis on
a fine temporal resolution. The daily progress measure-
ments from photogrammetry are converted to productiv-
ity estimates at finer time intervals within the day, and
also made available on a daily basis.

Productivity estimates, whether high or low, do not
necessarily provide the full story as to what variables may

be leading to the estimated values. The output statistics
associated to the automated video analysis provide ancil-
lary information to help identify the sources of low pro-
ductivity, as well as to confirm the reasons behind high
productivity. The statistics and charts can enable the site
manager to identify the reasons underlying the productiv-
ity fluctuations. In particular, by providing support infor-
mation for more detailed process analysis, the system can
help identify the causes of potentially low performance
and contemplate interventions to improve productivity.

For example, long excavator idle times and low bucket
loads indicate low dump truck availability. Conversely,
high dump truck idle times and relatively low bucket loads
imply lower filling rates relative to dump truck arrival
rates, pointing to insufficient excavator availability or low
removable soil volume. As a final example, low dump
truck idle times, high quantities of bucket loads, and high
productivity imply a smoothly running operation. Usu-
ally dump trucks are hired on a daily basis and excava-
tors also take time to be transported to and from the site.
Therefore providing feedback of the prior day’s produc-
tivity and activity levels to decision makers each morning
is sufficient to allow countermeasures to be put into place.

For both methods, however, there are circumstances
that prevent the generation of accurate measurements.
In the case of photogrammetry, the main problems arise
when the excavation area is covered by snow or when large
pools of water form due to heavy rain. The missing mea-
surements do not necessarily result in the inability to mea-
sure progress, as subsequent measurements on days with
favorable weather still capture progress to date and can
be fused with the automated video analysis. The work
presented two case studies that showed that photogram-
metry is able to properly document the time periods with
high productivity, thus any missing measurements derived
from visually unfavorable conditions do not cause prob-
lems.

Due to the finer time scale of the operations to be mon-
itored for the visual activity surveillance thread as well as
the instantaneous nature of the information to measure,
the activity algorithm output is less robust to poor vi-
sual conditions, such as occlusions. However,an activity
monitoring algorithm does not need to be 100% reliable
to provide useful information. The use of robust statistics
leads to estimates that are close to the ground truth in
spite of the uncertain measurements. During good visual
conditions (as seen in the first case study) the productiv-
ity estimation error was 10% or less. In the second case
study, poor visual conditions created by the occlusion of
certain periods of excavation by a fence, led to higher
errors. For excavation processes that maintain levels of
operations consistent with those found in this paper, the
extracted statistics and charts are sufficient to identify
outliers and to concentrate attention on specific times of
the day. The main conclusion is that slightly erroneous
continuous monitoring of excavation operations should be
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(d) Day 11 ground truth

Figure 11: Time spent per dump truck in the scene while being filled.(Log scale)

preferred to coarse work sampling methods that may not
properly capture on-site activities.

Although the vision-based algorithms may indeed miss
certain activities due to occlusions, there is still valuable
information that can be gleaned from the available data.
In the one scenario with poor visual conditions, the con-
tinuous monitoring was able to identify idle and high pro-
ductivity periods during the day. Although the rates were
incorrect and led to a poor estimate of the true produc-
tivity on Day 11 of the TranlsaTUM site (see Figure 14),
the rates still correlated with the actual rates. Work sam-
pling may not capture these time-variable statistics as
finely as continuous monitoring can. Furthermore, the
other quantities such as the number of trucks detected
during the day, and the loading time, serve as a sanity
check on potentially erroneous rates. However, in indus-
trial use cases, the shortcomings can easily be counter-
acted by investing in better hardware and having a more
informed setup. Making sure to capture the scene from
angles where the interaction of the involved machines is
clearly visible without occlusions can strongly reduce the
mentioned problems.

The presented concept can help decision makers on site

to react to upcoming problems in different ways. When
dump trucks are stuck in traffic, the manager could de-
cide to reduce the number of excavators on the site to
match the rate of arriving dump trucks, or to increase
the number of trucks. When dump trucks queue on site
due to low excavator productivity, more excavators could
be deployed, or if the site cannot fit more excavators,
the productivity increase by additional excavators is not
expected to be worthwhile, or if there are no additional
excavators available, the number of dump trucks could be
reduced to match the excavator performance.

7 CONCLUSION

This paper integrates two vision-based sensing methods
for generating productivity information regarding exca-
vation operations. Both static and mobile cameras were
used to sense the site over extended periods time. The
first method involved photogrammetry to generate vol-
ume measurements, while the second involved the track-
ing of excavation processes involving excavation and haul-
ing equipment. Together, they serve to provide fine time-
scale estimates of productivity (e.g, hourly or finer). Fur-
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Figure 12: Inter-arrival times between trucks. (Log scale)
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Figure 13: Aggregate statistics for translaTUM.

thermore, the daily progress levels, activity states, and
automatically extracted statistics assist with the inter-
pretation of the productivity levels estimated. Future re-
search should address the extension of the approach to-
wards the combination of data recorded by multiple video
cameras on-site to decrease the likelihood of occlusions.
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14 Bügler et al.

1 2 3 4 5 6 7 8 9 10 11 12
0

50

100

Time (h)

τ
v

(m
3
/h

)

Estimated
Ground truth

(a) Day 8 estimate and ground truth

1 2 3 4 5 6 7 8 9 10 11 12
0

50

100

Time (h)

τ
v

(m
3
/h

)

Estimated
Ground truth

(b) Day 11 estimate and ground truth

Figure 14: Performance factor over time.

0 100 200 300 400 500 600 700
0

100

200

300

400

Time (min)

C
u

m
u

la
ti

ve
so

il
re

m
ov

ed
(m

3
)

Estimated
Ground truth

(a) Day 8 estimate and ground truth.

0 100 200 300 400 500 600 700
0

200

400

600

800

1,000

Time (min)

C
u

m
u

la
ti

ve
so

il
re

m
ov

ed
(m

3
)

Estimated
Ground truth

(b) Day 11 estimate and ground truth.

Figure 15: Estimated cumulative soil removed per 20 minute interval.

Aydin, C. C. (2014), Designing building façades for the
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