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Abstract 
In this study we assessed how small-scale unmanned aerial vehicle (UAV) photogrammetry 

technology could provide much-needed geographic information to practitioners of urban flooding 
management. Two lines of research have been initiated in this work: First, the production of 
hydraulically accurate digital surface models (DSMs) was investigated with consideration of UAV 
flight parameters and postprocessing options. Second, the potential of visual object identification in 
high-resolution UAV images was explored for the case of square sewer inlets. 

We found that DSM quality, which was assessed with metrics relevant to overland flow, was 
only weakly affected by UAV flight parameters, of which flight height was the most important. When 
compared to Swiss LiDAR-based 3D model SwissALTI3D, the DSMs showed significant advantages in 
terms of noise and overland flow representation but lacked the capacity to model terrain below 
vegetation, as the SwissALTI3D data could. DSM improvement through point cloud filtering was 
successfully applied in order to reduce the geometric ambiguity of building edges and to fill holes in 
the data. 

We propose a semi-automatic procedure to identify sewer inlets in large orthophotos, based 
on a boosted classifier with Haar-like features. Cross-validation tests under different conditions 
(three case studies) proved our method to be robust, and we show that there is still room for 
substantial improvement at levels of image acquisition, processing, and classification. In our tests, 
the classifier detected up to 90% of visible sewer inlets fully automatically and allowed the manual 
detection rate to be increased by 5%. 
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Glossary 
ATO Above Take-Off – indicates that an elevation is given relative to the take-

off elevation. 

Correctness The ratio of correctly detected objects to total number of detected objects. 

DEM Digital Elevation Model – some authors make the following distinction 
between DEM and DTM: a DEM contains only elevation information 
whereas a DTM can be used to compute other terrain properties like slope 
and aspect (Podobnikar 2009). From this point of view, a DEM data is 
commonly delivered on a regular grid. 

Detection rate The ratio of correctly detected objects to the total number of objects. 

DSM Digital Surface Model – a 3D or 2.5D model that includes non-terrain 
objects such as buildings and vegetation. 

DTM Digital Terrain Model – a 3D or 2.5D model that only represents terrain, 
objects having been filtered out. 

GCP Ground Control Point – distinctive and clearly visible point of known 
coordinates, that serves to georeference a photogrammetry project. 

GSD Ground Sampling Distance – the average distance between data points, 
often expressed in cm/pixel or cm/point. 

NDSM Normalized Digital Surface Model – a DSM for which the ground has been 
taken as a local reference. Elevations are those of objects above the 
ground.  

Orthophoto (normal) Aerial or satellite imagery rectified to a digital terrain model. Distances 
measured on the ground are proportional to those in reality. 

Point cloud Spatial information stored as a collection of points, each containing 3D 
coordinates, color information, and often other properties as well. 

Raster Spatial information stored in a gridded container. Values are assigned to 
each cell of the grid, as in an image. 

SOR Statistical Outlier Removal – a method for removing large errors (outliers) 
from point clouds. 

True orthophoto Aerial or satellite imagery rectified to a digital surface model. All distances 
measured in the photo are proportional to those in reality. 

UAV Unmanned Aerial Vehicle – also known as drone. 

UPDSM UAV Photogrammetry DSM – a DSM generated via photogrammetry from 
images taken by a UAV. 
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Part 1 Introduction 
1.1 General 
Increasing urbanization, combined with trends in extreme weather patterns, is raising the risk of 
flooding around the world. In particular, urban flooding is a type of flooding triggered by intense 
rainfall, causing the urban drainage network to reach its maximum capacity and, consequently, 
overflow. Because urban flooding occurs by definition in densely populated and high-investment 
areas, the associated damage is significant despite relatively low water volumes when compared to 
other types of flooding, e.g. fluvial or coastal flooding. 

In order to assess and manage the risks associated with urban flooding, engineers rely on numerical 
models implemented in software, such as SWWM (Rossman 2010) or MIKE FLOOD (Danish Hydraulic 
Institute 2011). While models for overland flow were typically one-dimensional in the past, rising 
computation power and the need for accuracy are encouraging the use of more advanced coupled 
two-dimensional models. Apart from the modeling method, the resolution and accuracy of the input 
data are factors that significantly influence the reliability of simulation results (Ozdemir et al. 2013). 
Unfortunately, this data is both expensive and challenging to collect. 

Unmanned Aerial Vehicles (UAVs) are a promising tool for collecting geographically distributed 
information and have several advantages over conventional aircraft, such as flexible and low-cost 
operation. While mini-UAVs have certain limitations, such as payload, the civilian UAV industry is 
growing rapidly and progress is being made on numerous fronts (Colomina and Molina 2014). It is in 
the interest of both the UAV industry and public utilities to consider the potential role of UAVs in the 
area of urban flood management today and in the near future. 

1.2 Objectives 
The objective of this study is to show how autonomous mini UAVs can support data collection for 
overland flow modeling by generating high-quality and high-resolution digital surface models (DSMs) 
and for identification of sewer network elements (e.g. sewer inlets). These data, along with 
precipitation distribution and runoff coefficients, form the most important and most uncertain input 
datasets in urban drainage models(Gresch and Tinner 2014). Specifically, the following research 
questions were elaborated, defining the scope of the current study: 

 How suitable are DSMs generated with UAV photogrammetry for overland flow modeling? 
 How can these DSMs be improved through postprocessing? 
 How do they compare with available datasets? 
 How reliably can small objects such as sewer inlets be automatically identified in UAV-acquired 

images? 

The character of the study is thus one of combining knowledge from already well-developed areas 
like photogrammetry and object identification, with the enabling technology of autonomous mini-
UAVs. Because of the multidisciplinarity of this study, research decisions were mainly informed by 
the experience of contributing scientists and practitioners and to a lesser extent on an intensive 
literature review. In a preliminary step, interviews were conducted with urban drainage practitioners 

  1 



Introduction 

in order to understand their perspectives on the possible applications of UAVs in relation to urban 
flood modeling. Contact with these practitioners was maintained and developed throughout the 
study, and led to collaboration on two distinct case studies located in Lucerne and Köniz (Bern) in 
addition to the one in Adliswil (Zurich). Case studies played an important role in this study because 
they give practical insight into the opportunities and challenges of UAV remote sensing.  

Academic collaboration was also important, as evident by the assistance provided by the Chair of 
Photogrammetry and Remote Sensing at the Swiss Federal Institute of Technology in Zurich (ETHZ) in 
the fields of photogrammetry and computer vision. In one of the case studies, the Chair assumed the 
major role related to an additional research question concerning the determination of ground 
perviousness based on UAV data. 

1.3 Main contributions 
The most important developments of this study are of multidisciplinary nature. Based on the 
author’s search of published literature, this is the first time that the potential use of UAVs in urban 
drainage modeling has been scientifically investigated. 

First, links were drawn between the quality of DSMs generated from UAV photogrammetry 
(UPDSMs) and UAV flight parameters such as flight height and image overlap. For this purpose, 
specific quality metrics with relevance to urban drainage modeling were developed and applied. The 
results offer guidance for flight planning in similar situations, and suggested surprising  
(in-)dependencies. 

In terms of DSM improvement, filtering procedures implemented using open-source software were 
investigated in order to clean building edges, remove non-ground objects, and fill holes in the 
particularly dense and noise-prone UPDSMs. 

A typical UPDSM was compared to the currently available LiDAR-based DSM, and it was found that 
the UPDSM presented advantages over the LiDAR data on open surfaces like roads, but faced 
difficulties in areas with heavy vegetation. 

Finally, an image processing procedure is proposed for automatically identifying sub-meter sized 
objects in high resolution UAV-acquired images. The procedure comprises a set of user actions as 
well as algorithms written in Python and based on open-source libraries. It was applied to classify 
square sewer inlets at an image resolution of 4cm per pixel and was tested in two independent case 
studies, both showing good results. It is envisioned that, in the future, the automatic classification 
procedure will complement manual labeling in order to increase both speed and accuracy. 

The raw and processed data derived from the eight flights carried out during this study can be 
further used to support future research both in continuation of this line of research as well as in 
other areas. The data has already been used for an investigation of how the UAV products can be 
used for ground perviousness classification. 

1.4 Outline of thesis 
Part 1 introduces the challenges presented by urban flooding and outlines the structure of this 
study. 
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Part 2 is divided into three sections: investigation of flight parameters, UPDSM postprocessing and 
UPDSM quality benchmarking(Figure 1).  Each subpart is structured with the following subsections: 
methods, results, and discussion.  

In Part 3, an automatic object identification methodology is proposed and assessed with data from 
the case studies. In particular, we tried to understand the practical potential of using UAV 
orthophotos for sewer inlet identification. 

Appendix A presents the UAV remote sensing workflow. There, we outline the fundamentals of UAV 
operation and the theoretical basis of photogrammetry for the generation of DSMs and 
orthophotos. The specific tools used in this study are also described in Appendix A. The three case 
studies in Adliswil, Köniz, and Lucerne are referred to in this report are described in Appendices B, C, 
and D, respectively. Appendices E and F provide additional information to parts 2 and 3. 

 
Figure 1: Structure of the study 
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Part 2 DSMs for Hydraulic Modeling 
2.1 Introduction 
Hydraulic modeling is an important tool for understanding urban flooding risks, and helps engineers 
design urban drainage systems that inherently reduce these risks. The models that are commonly 
used are either purely one-dimensional or coupled one- and two-dimensional, and need to combine 
computational efficiency with physical accuracy in order to become valid in practice. Faced with 
these challenges, many types of 2D models have been developed, as one can see in the many 
comparative studies (Apel et al. 2009; Villanueva et al. 2008).  

But the model used is not the only factor of success: Fewtrell (2011), who evaluated two different 
hydraulic models on a DSM of resolution varying from 0.5 to 5 m, concluded that data resolution has 
a greater effect on results than the model used. While it is evident that the representation of roads 
is a critical threshold requiring a resolution of 2-3 m, walls and street curbs are also elements that 
influence the propagation of a flood wave (Sampson et al. 2012). Although the data resolution need 
not be so high (Sampson et al. suggest 1 m), the required accuracy of a few centimeters is a critical 
issue that is not covered by conventionally available datasets (SwissALTI3D data has an accuracy of 
1σ = 50 cm). 

Photogrammetry, in particular UAV photogrammetry, is an interesting alternative to currently 
predominant LiDAR option. The question of photogrammetry versus LiDAR has been raised several 
times in the past (Baltsavias 1999; Leberl et al. 2010; Strecha et al. 2011), but this is the first time 
that DSMs from UAV photogrammetry (from now on UPDSMs) are investigated in the context of 
urban drainage. 

2.1.1  Research questions 
In this study, we investigated the following research questions:  

 How is the suitability of the UPDSMs influenced by UAV flight parameters? 
 To what extent can UPDSMs be improved through post-processing? 
 How do DSMs from UAV photogrammetry compare with the current Swiss reference 

SwissALTI3D elevation data? 

2.1.2  Methodology 
After a brief literature review, the research questions were tackled in the order they were raised. 
First, we investigated the influence of UAV flight parameters on various metrics relevant to overland 
flow. Second, we looked into methods for improving the quality of the UPDSM through point cloud 
filtering. Finally, a typical UPDSM was compared to the SwissALTI3D digital elevation model (DEM) 
on several levels, though the hydraulic aspect cannot be fully investigated due to the low resolution 
(2 m) of the SwissALTI3D model.  

The data used to support this part of the study originates mainly from the Adliswil but also the 
Lucerne case studies. The area investigated in Adliswil is a 4-ha suburban residential zone with a 
variety of terrain types (Figure 2). The UAV was flown on the 29th and 30th of January, 2014, a total of 
15 times over the area. The Adliswil case study is described in detail in Appendix B.  
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Figure 2: Study area for DSM assessment in the Adliswil case study 

2.2 DSM and flight parameters 
In this subpart we present results from tests designed to understand how UAV flight parameters 
affect the quality of the resulting UPDSMs, in particular in relation to their suitability for modeling 
overland flow. In the following section, the flight parameters that we considered are presented as 
well as their expected influence on DSM quality and associated research questions. The questions 
are then addressed with experiments from the Adliswil case study, and the results are discussed. 

While the main factors influencing photogrammetric reconstruction accuracy are theoretically well 
defined, our understanding of influential factors within the whole photogrammetric process has yet 
to be experimentally verified, especially for UAV photogrammetry. In satellite image 
photogrammetry, Aguilar (2014) evaluated the quality of the DSMs using airborne LiDAR data as a 
reference, and found correlations between the image convergence angle and DSM quality.  

2.2.1  Flight parameters 
The following flight parameters, over which one can have more or less control, were considered in 
our study: 

Camera pitch 
We assumed that by increasing the camera pitch, steep surfaces such as facades would be better 
represented. While facades are of limited interest in urban drainage modeling, it was of interest to 
see whether the same principle applies to the representation of objects such as cars or walls. 

Flight height 
The flight height, closely linked to the ground sampling distance (GSD) of the images, is one of the 
main factors that determines the resulting 3D model (Kraus 2012). We therefore expected the GSD 
to have a strong influence on the representation of details in the terrain. 

Image overlap 
The image overlap determines the number of times a point on the ground will be captured in an 
image. It is therefore an important parameter influencing the accuracy of 3D reconstruction. Frontal 
overlap is that in the direction of flight, whereas lateral overlap is the overlap between flight lines. 

We postulated that for a camera pitch of 0° there would be no distinction between frontal and 
lateral overlap, and therefore lateral overlap could be interchanged with frontal overlap. This is 
interesting because of the limitations in frontal overlap mentioned in Appendix A.4.1. 
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Weather conditions (influence of shadows) 
Lighting and the presence of shadows were expected to strongly affect photogrammetry results. 
However, since all the flights for the Adliswil case study took place within a two days, we did not 
have the flexibility to adjust our plans to details in the weather. As it turned out, some of the flights 
were performed under cloudy conditions whereas others were performed with direct sunlight. By 
comparing these two groups of flights, we were able to assess the effect of sun on the DSM quality. 

Research questions 
The following research questions were raised on the basis of the hypotheses presented above: 

A. Can lateral and frontal overlap be interchanged if the camera pitch is 0°? 
B. Does pitch improve the 3D representation of objects in an urban landscape? 
C. Is the relationship between pitch and DSM quality affected by the GSD? 
D. How does GSD affect reconstruction of 3D elements? 
E. How is the accuracy of 3D results affected by tuning image overlap? 
F. How do shadows influence DSM quality? 

Experimental design 
In order to answer the research questions we raised, a series of flight samples were planned in the 
context of the Adliswil case study. The flight parameters for each flight sample and the associated 
research questions are given in the description of the case study, on page 49. 

2.2.2  Metrics for evaluating the quality of DSMs 
The assessment of DSM quality was made on the basis of metrics relevant to urban overland flow. 
These metrics, both quantitative (numerically derived) and qualitative (appreciated by a human with 
an arbitrary scale), are described in the following paragraphs. 

Quantitative Metrics 

• Curb height 
The height difference between road and sidewalk is relevant for strong rainfall events, where 
flowing water can potentially overflow onto sidewalk because of volume or velocity. On location, we 
measured the curb height at various locations so as to have reference data. In the generated DSMs, 
the curb height was estimated by calculating the elevation difference averaged on areas of 
approximately 1 m2 above and below the measurement location. 

• Curb misrepresentation rate 
For low-regime overland flow, the existence of the curb is more important than the actual curb 
height. The curb misrepresentation rate is the proportion of curbs for which the modeled height 
difference is less than 2 cm. 

• Flow path at curb 
In advanced 2D models, it is of importance that delineated flow be properly represented on the side 
of the roads, so that the water flows into the gutters. We measured flow paths on location by 
pouring water onto the road and measuring the distance between the stabilized flow and the curb. 
Often, the water flowed exactly on the side of the road. In the DSM, water flow paths were 
estimated using the flow accumulation method (Tarboton, Bras, and Rodriguez-Iturbe 1991). 
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• Aspect 
Slope direction (or aspect) was measured on the field by pouring water and measuring orientation of 
flow direction with a compass. In the DSM, the aspect was calculated in the Quantum GIS software 
(QGIS Development Team 2014). 

• Absolute elevation 
The vertical correctness of the DSM is relevant for urban drainage modeling when one needs to link 
the surface flow with the sewer network. The reference elevation data was taken from surveying 
points (LFP3) and the sewer manhole cadaster for Adliswil. While the vertical accuracy of the 
surveying points varied between 0.5 and 3 cm, the accuracy of the manholes was not known1. 
However, they are assumed to have a standard deviation of 7.5 cm (Technische  Verordnung Des VBS 
Über Die Amtliche Vermessung 2008). In our assessment, we differentiated between reference 
points on the road and in fields. 

Qualitative metrics 
Apart from the quantitative metrics described above, qualitative metrics were also used to assess 
the quality of the DSMs. These metrics were developed after the qualitative metrics were shown to 
have a low correlation with the flight parameters. 

• Openings 
This metric describes the space between two closely placed objects. 

• Trees 
This metric describes whether bare trees are represented in the DSM or not. It is better if they aren’t 
represented because in reality they don’t affect overland flow much. 

• Forest floor 
This metric indicates how well the ground of a forested ravine is modelled (on the left side of Figure 
2, also visible in Figure 14. 

• Buildings 
Building sides can be subject to distortions and to a “salt and pepper” effect caused by multiple 3D 
points being identified one over the other. This metric describes the severity of building wall 
distortion. 

• Walls 
Walls are of great relevance to urban drainage modeling because they can obstruct and redirect 
overland flow. This metric describes to what extent they are represented in the DSM. 

• Rating system 
Table 1 shows the criteria by which the DSMs were evaluated for the qualitative metrics. A lower 
grade is always more favorable for hydraulic simulations. 

Number of observations and computed statistics 
Because of the large number of samples and the limited time available, only a restricted number of 
observations could be made for each metric.  

 

1 The provider of the data set did not provide information regarding the vertical accuracy of the manholes. 
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Table 2 gives an overview of the observations and statistical quantities that were computed to 
summarize the metric value for each flight sample. 

 

Table 1: Qualitative metric criteria used for evaluating the generated DSMs 
Grade Openings Trees Buildings Forest floor Walls 
0 100% open not visible sharp edges more ground than 

trees 
perfect wall 

1 50% open freckles a little noise 50-50 a straight object 
2 25% open almost 

complete 
a lot of noise a few trees, but no 

points on ground 
something there, 
unclear 

3 0% open complete chaotic full of trees nothing 
 

 

Table 2: Number of observations and computed statistics 

Basic metric # of observations in 
each DSM 

Computed statistics 

Flow direction 5 - RMSD 
- (Mean Error) 

Flow path 4 - RMSD 
- Mean Error 

Curb height 5 - RMSD  
- (Mean Error) 

Curb misrepresentation 5 - Percentage of errors 
All terrain types: 
absolute vertical error 

Road: 9 
Grass:  5 

- RMSD 
- Mean error 

Opening 7 - Mean 
Tree 7 - Mean 
Forest floor 2 - Mean 
Wall 2 - Mean 
Building 5 - Mean 
 

The mean value measures a bias in the model, i.e. a systematic error. We do not expect to gain any 
understanding by computing the mean error of relative statistics like aspect and curb representation 
because there is no mechanism that could noticeably influence the outcome in a systematic way. On 
the other hand, calculating a mean distance between modelled and real flowpath along the side of 
the road is directly interpretable, because it reflects the smoothing of the curb in the DSM. 

Normalization 
In order to compare the metrics without having one of them artificially having more weight due to 
its units, we perform normalization of the statistical metrics (Equation 1). 

The advantages of this normalization method are that it is familiar and easy to interpret, and it is less 
affected by outliers than if the normalization limited normalized values to a range between zero and 
one. On the downside, it has values that can be both positive and negative, making plots a bit more 
difficult to interpret: lower values are always better, even if they are negative and far from zero. 
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XNormalized = (X-μx)/σx      (1) 

XNormalized:  normalized metric 
X:   original metric 
μx:   mean value of original metric for a given flight 
σx:   standard deviation of original metric for a given flight 

2.2.3  Results 
In the following we present and discuss the outcome of the most meaningful metrics. 

Camera pitch 
In Figure 3 the results from research question B are shown, where the image pitch is modified with 
all other parameters remaining constant. No clear trends are evident, but the absolute elevation 
error metrics – road RMSD and road mean – both reach their highest value for a pitch of 7°. Apart 
from the “Opening” metric, all metrics are minimized for a pitch of 15°. 

 
Figure 3: Question B: The influence of pitch on DSM quality at a flight height of 145 m ATO (using the normalization 

described on page 8; lower values are better for overland flow, even if they are negative) 

The experiment was repeated at a higher elevation of 205 m ATO, with all other parameters 
remaining constant (Figure 4). Interestingly, in comparison with the samples at 145 m ATO, the 
representation of curbs is very much improved. One could hypothesize that the improvement is 
linked to a reduction of false matches on the surface of the road, because the lower resolution filters 
all but the most certain features from the image. If this were the case, one might also observe an 
improvement in the RMSD and mean error on the road. However, such a difference is not seen. 

 
Figure 4: Question C: The influence of pitch on DSM quality at a flight height of 205 m ATO (using the normalization 

described on page 8; lower values are better for overland flow, even if they are negative) 
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The patterns observed for the samples at 145 m ATO are not seen in Figure 4. This suggests either 
that flight height is an overpowering parameter, or that the overall noise is too high to make any 
reliable statement. 

We were actually expecting the DSM quality to drop off at a pitch of around roughly 12°, since 
feature matching reaches a limit if the parallax angle increases above that point. Apart from that 
limitation, a larger parallax is actually better for point localization, so the errors should have been in 
a U-shape. Evidently, this not what we observe. 

Flight elevation (GSD) 
Surprisingly, no clear trend can be distinguished between flight elevation and DSM quality. 

 
Figure 5: Question D: The influence of flight elevation on DSM quality.(Using the normalization described on page 8; 

lower values are better for overland flow, even if they are negative) 

In this experiment, it was expected to find a linear relationship between flight elevation (closely 
related to the GSD), and absolute and relative errors. Given that there were some clear differences 
between the lighting conditions for the samples of this experiment, we decided to broaden the 
range of samples. Shown in Appendix E.1.2, one can observe that both relative and absolute errors 
increase with flight altitude, in agreement with photogrammetry theory (Kraus 2012). 

Image overlap 
The experiment for understanding the influence of lateral overlap (Figure 6 and Figure 7) seems 
overwhelmed by external factors, because no clear relationship can be distinguished from the noise. 

 
Figure 6: Question E: The influence of frontal overlap.(Using the normalization described on page 8; lower values are 

better for overland flow, even if they are negative) 
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Figure 7: Question E: The influence of lateral overlap.(Using the normalization described on page 8; lower values are 

better for overland flow, even if they are negative) 

The inconclusiveness of this experiment can be somewhat expected: increasing the image overlap in 
any direction also increases the number of matches that can be found in the images, thus producing 
an even denser point cloud. While the accuracy of some of the matches is thereby increased, there 
are many points with large errors generated as well. This highlights the importance of point cloud 
filtering methods for DSM quality. 

• Interchanging frontal and lateral overlap 
In Figure 8 we are presented with the results from two flights, both with a camera pitch of 0° and a 
constant flight height. Flight sample s01 , which has a frontal overlap of 80% and a lateral overlap of 
70%, and has smaller errors for flowpath distance and curb misrepresentation, which are both 
relevant for overland flow. Flight sample s02, for which the overlaps are interchanged (see Appendix 
B for details of sample parameters), better estimates the absolute elevation, as measured by the 
mean error and RMSD on the road. 

 
Figure 8: Question A: Interchanging frontal and lateral overlap.(Using the normalization described on page 8; lower 

values are better for overland flow, even if they are negative) 

Weather (shadows) 
As shown in Figure 9, about half of the error metrics increase in the presence of sun. The negative 
influence of shadows in photogrammetry is a known phenomenon (Fabris and Pesci 2005). In our 
case, the problem is accentuated because the camera used has a relatively low dynamic range. 
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Figure 9: Experiment F: The influence of sun/shadows on DSM quality.(Using the normalization described on page 8; 

lower values are better for overland flow, even if they are negative) 

However, another factor may come into play in our specific situation. Thanks to the high resolution 
of the images, the shadows cast on the ground can be seen in detail, theoretically reducing the 
amount of noise due to mismatches on otherwise homogenous surfaces. On the downside, the 
movement of the sun causes the shadows to move, introducing a bias in the elevation 
measurement. This could explain both the reduced RMSD and the increased mean error for the sun-
exposed samples. When we consider aggregated metrics (Appendix E), the sun seems to have an 
overall positive effect on DSM quality. 

2.2.4  Discussion 
Overall, despite the large amount of noise (variations due to other factors than those considered), 
certain dependencies between flight parameters and DSM quality could be identified from the 
results. Some are expected, such as the influence of flight elevation, while others were not, like the 
effect of sun on DSM quality. Some expected relationships could however not be observed as 
hypothesized, like the influence of camera pitch on DSM quality. 

There are other factors that could have contributed to the high level of noise observed in the 
analysis: 

 For a given experiment, there are not enough flight combinations/data points in order to 
observe trends. 

 The flight parameters may not necessarily correspond to actual flight parameters.  Camera pitch 
and image overlap are particularly prone to this kind of error. Understanding this error was out 
of the scope of this study. 

 The test area (4 ha) was too small, causing a certain edge effect. 

2.2.5  Outlook 
There are several lines of research that could be followed to improve our understanding of UAV 
photogrammetry in the urban drainage context.  

 More data usually provides more insight. The data could be generated either with additional 
flight campaigns, or by sampling images from the flights of this study. In particular, it would be 
valuable to repeat the same flight a number of times with the same parameters, in order to 
quantify how much DSM quality varies, independently of flight parameters. 

 It is possible to reassess certain parameters like pitch and overlap by analyzing the positions and 
orientations of the images. This would remove uncertainty about the parameters. 
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 Aggregation of parameters could be a way of reducing noise and could make correlations more 
evident. This is discussed in Appendix E. 

 The current camera device operates on automatic mode only. Using a configurable device would 
reduce this source of uncertainty and allow manual camera calibration. 

 The photogrammetry settings used for bundle block adjustment and point matching were not 
investigated in this study. For such a study, we recommend that a more transparent an 
configurable photogrammetry software such as Agisoft Photoscan be used instead of Pix4D. 

2.3 Improving DSMs 
UPDSMs have several weaknesses, some of which are specifically detrimental to overland flow 
modeling.  

1. By definition, UPDSMs represent not only terrain but also objects such as cars and 
vegetation that are not impervious to overland flow.  

2. Terrain below bridges is poorly if at all represented, which is typical of DSMs generated with 
data from airborne sensors. 

3. UPDSMs have a particularly high level of noise associated to edges, and to thin objects such 
as lampposts and walls. 

4. UPDSMs are susceptible to holes caused by shadows or absence of views (similar to “laser 
shadow” for LiDAR). This weakness is linked to the dynamic range of the lightweight cameras 
that are sometimes used. 

For the purpose of hydraulic modeling, we want to (i) produce an elevation model devoid of non-
significant objects such as vegetation and cars, and (ii) fill holes that could be falsely interpolated by 
commercial photogrammetry software, such as Pix4D (Pix4D Development Team 2014). For the 
purpose of orthophoto generation and automatic ground cover classification, we seek to improve 
the DSM (iii) by removing points that are not visible from directly above (such as on the façade of a 
wall) and by filling holes, as for hydraulic modeling. 

Digital terrain model (DTM) generation from DSMs is well-known problem from the field of LiDAR 
(Sithole and Vosselman 2004). The methods range from image processing to surface fitting to 
supervised classification. Aktaruzzaman (2012) developed a method to improve LiDAR DSMs for 
urban flood analysis by “burning” curbs and street profiles onto the surface on the basis of cadastral 
data. While interesting, this approach disregards the fact that curbs and road profiles are not always 
“ideal”. However, it is probably preferential to the situation where curbs and road profile are not 
represented at all. 

2.3.1  Methods 
UPDSM improvement was performed at the point cloud level and not in the raster format, because 
the raster is only a 2.5D version derived from the point cloud and contains much less information. 
We developed a set of procedures to improve UPDSMs using the free open-source software 
CloudCompare (Girardeau-Montaut 2011) for cloud manipulation. Calculation of normals and 
remeshing was performed with Meshlab (Cignoni et al. 2011), triangulation was done with LASTools 
(Isenburg and Schewchuck 2007). In the following, we describe the procedures followed in order to 
achieve the improvements mentioned above. Schematic representations of the procedures can be 
found in Appendix E.2. 
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As mentioned at the beginning of this section, the Adliswil and Lucerne case studies were used for 
method development and application. More information about the case studies can be found in 
Appendices B and D. 

Removal of non-visible points 
Non-visible points were removed by subsampling the DSM with a gridded pattern, retaining only the 
highest point of each cell. In practice, a cell size of 0.2 m seemed to be a good compromise between 
getting enough detail of the terrain (small cell needed) and actually finding the maximum points. In 
order to avoid retaining outliers, these were removed from the point cloud using statistical methods 
(Statistical Outlier Removal, SOR) as implemented in the Point Cloud Library (Rusu and Cousins 
2011).  

Object removal/DTM extraction 
The proposed method for DTM extraction is the same as that for object removal. First, outliers are 
removed from the point cloud as mentioned in the previous sub-section. Then, two subsamples are 
extracted: a subsample of maximum points and  a subsample of minimum points, both following a 
regular grid. We found that results were improved if the minimum points were extracted at a slightly 
greater interval than that used for the maximum points (i.e. respectively 0.5 and 0.2 m). This is 
because the density of minimum points (for example beneath the eaves of a roof) is lower than the 
density of maximum points (on the roof). Then, for each point of the minimum point cloud, the 
distance to the nearest maximum is calculated. The points that have a large distance are situated 
either below other points or near other points that are higher, and are removed if the distance is 
above a certain threshold (we used 5 cm). The result is a cloud of minimum points in which objects 
with a steep elevation change such as houses and bushes are disjointed from the ground. In this 
point cloud, compact groups are identified and segmented using the concept of connected 
components. Typically, one obtains one point cloud for the ground (sparse DTM) and up to 
thousands of smaller point clouds for the different objects. In the next step, the distance for each 
point of the original cloud to the sparse DTM is computed, and points with a distance over a certain 
threshold are disjoined. This has two consequences: First, the information lost during subsampling is 
restored to the DTM. Second, objects and outliers are separated from the ground. 

Hole-filling 
Holes (absence of data) in the DTM are common because there is no information for the ground 
where objects like houses or dense vegetation stood in the DSM. Holes can also occur in the DSM 
because of shadows or difficult surfaces like water. 

In this study, we tested two options for hole filling which both rely on meshing and resampling the 
point cloud DTM. In the first case, simple triangulation of the point cloud is applied (a variety of 
methods exist, such as Delaunay(Lee and Schachter 1980)). In the second case, the normal of each 
point are calculated and a Poisson meshing (Kazhdan, Bolitho, and Hoppe 2006) is performed. This 
meshing is smoother than the original point cloud and so as not to lose information only the 
resampled points that are a certain distance from the original ground are conserved. 

Object re-insertion 
When recombining the objects clouds with the DTM cloud in which holes were filled, we generate 
the same problem of superimposed points as encountered on walls or below the eaves of a roof. To 
solve this problem, it is necessary to repeat the process of removing non-visible points. 
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2.3.2  Results 

Removal of non-visible points 
Removal of non-visible points had a very good impact on the representation of roofs, as illustrated in 
Figure 10. This is beneficial for the generation of orthophotos and for automatic classification based 
on the orthophoto and elevation data.  

 
(a): Original point cloud with non-visible points distorting 

the edges of the roof. 

 
(b): Final point cloud with clear roof edges. Ground was 

smoothened during a hole-filling procedure. 

Figure 10: The effect of removal of non-visible points (Adliswil case study) 

Object removal/DTM extraction 
An example of point cloud segmented into DTM and objects is shown in Figure 11. Since the filter is 
essentially slope-based, it performs poorly on objects that have a “smooth” connection to the 
ground, such parking lots with an external car ramp or houses built into hills. 

 
Figure 11: Segmentation of objects and ground (Luzern case study). Successful segmentation: red: objects; blue: ground. 

Hole-filling and object re-insertion 
An example of hole filling is shown in Figure 12. The interpolation method used in the holes is quite 
important. Poisson meshing creates smooth and realistic surfaces, but does not necessarily match up 
with the edges of the holes, thereby creating discontinuities. Simple triangulation ensures first-order 
continuity at the edges of the holes, but the interpolation within the holes is very much affected by 
individual points on the edge and so triangulation should only be used for flat terrains. 
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(a): original point cloud with holes 

 
(b): final point cloud without holes 

Figure 12: resulting DSM from hole-filling procedure (Luzern case study) 

It is important to use the original and not the resampled point cloud on the ground when available, 
because through resampling much of the data is filtered out. While some of this data is noise, the 
remaining data is useful information about the landscape (Figure 13). 

 
(a): before 

 
(b): after 

Figure 13: Hole filling using Poisson meshing makes details of the terrain less visible(Adliswil case study) 

2.3.3  Discussion 
There are numerous filtering algorithms for LiDAR point clouds, but what is specific about the 
methods presented here is that (i) the methods used were developed for UPDSMs, which are 
particularly noisy and (ii) there are implemented in freely available software. Comparison of the 
different filtering methods/ software was out of the scope of this study and can be explored in 
future studies.  

2.3.4  Outlook 
In the future, we recommend that the following points be looked into: 

 Given the large amount of noise in the models, it could be interesting to consider filtering the 
original point cloud on the basis of cadasters. In this way, curbs are conserved and can even be 
enhanced. As we will see in §2.4.2 (Figure 18), the influence of curbs is conserved even at low 
raster resolutions, so the development of such a filtering procedure should be justified by other 
arguments than the location of the flowpath. 

 Overland flow models need to distinguish between flow-relevant objects ( i.e. walls) and non-
relevant objects (i.e. vegetation and bridges). For this purpose, non-ground points extracted 
during object removal (Figure 11, in red) should be reclassified into two classes, depending on 
whether the objects they represent are flow-relevant or not. 

 For overland flow modeling, overhanging objects like the eaves of roofs are irrelevant. An 
interesting development would be a method to remove such points from the model. 
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2.4 Comparing UPDSMs to Swiss reference models 
Theoretically, it is clear that the accuracy of high-resolution UPDSMs should be better than that of 
the medium-resolution models made available nation-wide by swisstopo: these models have a 
vertical accuracy of 0.5 m (1σ) (swisstopo 2014) while the UPDSMs should have a vertical accuracy of 
2-3 times the GSD (Pix4D Support Team 2014), which would correspond to 0.1-0.2 m (1σ).  

The objective of this subsection is to evaluate whether UPDSMs have a similar or better quality than 
the swisstopo models, especially in the urban or suburban environment that is of interest in urban 
drainage management. 

Podobnikar (2009) gives an overview of DTM visual assessment methods for identifying problems 
that are otherwise not measured, like discontinuities. Reinartz et al. (2010) propose a DEM 
comparison strategy as well as metrics for satellite image-based DEMs. An interesting metric specific 
to urban areas is an RMSE on the basis of euclidian distances, with pre-removal of large errors. This 
metric gives an understanding of how much the DEM is smoothed in comparison to reality. 
Importantly, the authors suggest a correlation between DEM accuracy and several terrain properties 
like slope or land cover. 

2.4.1  Methods 

Comparison methods 
We used both visual and analytical methods to compare the models with each other: 

• Visual 
Apart from normal visualization techniques like hillshade and elevation difference, we assess the 
following aspects of the models, which are critical for overland flow modeling: 

 Difference in slope and aspect, which influence how fast and in what direction water would flow 
on the surface. 

 Flow paths, calculated using the flow accumulation algorithm, are a derivative of the aspect that 
approximate how overland flow behaves and are easier to interpret. 

 Representation of stairwells and garages, which might act as sinks for overland flow. 

• Analytical 
When comparing elevation models, the mean difference and RMSD after removal of mean are 
statistics that show well how the two models differ. We compute them over portions of the road 
that are free from cars and vegetation. 

To evaluate the deviation of the models from the ground truth, we also assess the residuals after 
fitting a linear function to a profile extracted from a road. The number of applicable methods is 
limited because of the low resolution of the swisstopo models. 

Data 
Swisstopo2 makes available two 3D models that cover the whole of Switzerland at a resolution of 2 
m per data point3. The first model is a DSM, including buildings and vegetation. The second model is 

2 http://www.swisstopo.admin.ch/internet/swisstopo/en/home/products/height/swissALTI3D.html, accessed 
25.06.2014 
3 Models are available as rasters and point clouds 
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a DEM4, with terrain only and delivered as a regular grid. Below an altitude of 2000 m, the collection 
method used is aerial LiDAR, giving a vertical accuracy of 0.5 m (1σ). The data in Adliswil was 
collected in 2002 (swisstopo 2014).  

It is important to note that we are using the DEM for the comparison and not the DSM. The reason 
for this is that the DSM model available at the time of the study on the ETHZ geoserver had a serious 
problem: elevation data was stored as rounded integers instead of floats, leading to large errors and 
artificial patterns (Figure 14 (e)). Our comparison is therefore performed using the DEM from 
swisstopo and on regions of bare ground only. 

The UPDSM data for this part is mainly from the Adliswil case study (Appendix B), where the UAV 
was flown a total 15 times above the study area for the flight parameter investigation presented in 
§2.2. In order to decide which of the flights should be used for theSwissALTI3D comparison, the 
metrics from §2.2 were combined into aggregated metrics as presented in Appendix E.1. This 
facilitated the comparison between the flight samples and showed that one of the samples (flight 
sample s04) was better than almost all the others except in terms of systematic errors. This sample 
used a realistic flight plan (145 m above ground, frontal overlap of 70%), which could easily be 
implemented on a wide scale (See flight parameter details in Appendix B.3.2). The sample s04 was 
therefore used for comparison with SwissALTI3D. 

The UPDSM was generated in Pix4D and the built-in point cloud filter was used to remove outliers 
(points within a radius of 14 times the GSD) and to smoothen the model (smoothing radius of 20 
times the GSD). Since s04 had a native GSD of 4.5 cm/pixel, the raster DSM was downsampled using 
a cubic convolution to have a resolution of 2 m/pixel, like theSwissALTI3D data. 

2.4.2  Results 

Hillshade 
The models superimposed with hillshade give a direct appreciation of the quality of the model 
(Figure 14). One clear difference that appears is that the trees and ravine on the left side of the area 
are not well represented in the UPDSM. The reason for this is (i) the trees growing on the side of the 
ravine, hindering a clear view of the ground and (ii) the shadow that was on the left side of the 
ravine. While some of the flights could better represent the ground on the right side of the ravine, 
the ground on the left side was always left with large holes. 

 
(a) UAV-DSM sampled at 0.1 m/pixel 

 
 

Figure 14 : Comparison of 3D models, visualized with hillshade 

 

4 See the glossary for explanation of the difference between DEM and DTM.  

UPDSM @ 0.1 m 
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(b) UAV-DSM sampled at 2 m/pixel 

 
 

 
(c) swisstopo DSM: 2 m/pixel 

 
 

 
(d) SwissALTI3D DTM: 2 m/pixel 

 
 

Figure 14 (continued): Comparison of 3D models, visualized with hillshade 

Elevation difference 
The map of the elevation difference (difference = UPDSM - DTM) reveals that the UPDSM is usually 
within ± 10 cm of SwissALTI3D, and typically overestimates the terrain. This can be expected for the 
field, which was planted with grass, but not for the road. Since we are comparing a DTM with a DSM, 
it is expected that the buildings and other objects cause an elevation difference. As remarked in the 
previous paragraph, the ravine on the left side is not well modelled in this UPDSM. 

 
Figure 15: Elevation difference between UPDSM and SwissALTI3D DTM.The dashed black polygon indicates the area for 

which statistics were calculated. The thin dashed lines are the overlayed cadaster. 

UPDSM @ 2 m 

swisstopo DSM @ 2 m 

SwissALTI3D DTM @ 2 m 
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Slope and aspect 
The local slope of the two models is quite similar (Figure 16): A large majority of the field and roads 
have a slope value within 10% of each other. The deviations on the road in the lower half of the area 
are caused by objects in the street. 

 
Figure 16: Absolute difference between the slopes of the two models 

The aspects (Figure 17) of the two models are practically the same over grassy areas and the road on 
the right side, which is quite steep. For areas where the terrain is less steep, like for the road on the 
left side of the area, small changes in terrain can cause a large change in the aspect. We see that a 
large part of the road in the lower half of the area is in this situation. Much of the deviation around 
the buildings is caused by vegetation or vehicles. 

 
Figure 17: Absolute difference between the aspects of the two models 

Flowpaths 
Flowpaths were estimated for the UPDSM at different resolutions as well as the DSM and DTM from 
swisstopo (Figure 18). The flowpaths delineated on the UPDSM follow a realistic path along the side 
of the road. Interestingly, this behavior is conserved even when the UPDSM is downsampled to 2 
m/pixel (a). This confirms the results by Sampson et al. (2012), who downsampled terrestrial LiDAR 
for use in urban inundation models. In comparison to the swisstopo models, we can say that the 
UPDSMs have a definitive advantage for overland flow modeling in this regard. 

Stairwells and garages 
One of the anticipated advantages of LiDAR is identification of terrain and depressions despite 
vegetation. In the area of study there were two outdoor stairwells for this assessment, but no 
suitable garage entry. In the lower situation (Figure 19), we see that the sewer inlet was accounted 
for in the swisstopo DTM (the depression has a relative elevation difference of about 2.5 m). In the 
upper situation, the depression isn’t as well represented – only 1.5 m difference – at the same level 
as the adjoined sidewalk. In both situations, the UPDSM was not able to reproduce the stairwell 
accurately, because of the lack of light in the stairwell or vegetation cover. 
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  DSMs for Hydraulic Modeling 

 
(a) UPDSM – 2 m 

 
(b) UPDSM – 1 m 

 
(c) UPDSM – 0.5 m  

 
(d) swisstopo DSM – 2 m 

 
(e) SwissALTI3D DSM – 2 m 

 

Figure 18: Simulated flowpaths using the UPDSM at different resolutions (a-c) and the swisstopo data (d-e) 

 

 
Figure 19: Stairwells in the study zone. From right to left: orthophoto, swisstopo DTM, UPDSM 

Mean and RMSD 
The area used for the statistical comparison of the UPDSM and swisstopo DTM covers an area of 
1’513.4 m² on bare ground only, excluding all non-terrain objects such as cars (Figure 15, thick 
dashed line). In this area, basic statistical measures were computed:  

Maximum difference: 30.6 cm 
Minimum difference: -46.8 cm 
Mean difference: -0.6 cm 
Standard deviation:  11.9 cm 

It is noteworthy that the standard deviation between the two models is inferior to the expected 
standard error of each. The mean difference is small, but if we look at the area outlined in the thick 
dashed line in Figure 15 we see that the differences are not randomly but systematically distributed. 

Residuals 
Profiles were extracted for the section illustrated in the thumbnail of Figure 20. A linear function was 
then fitted to each profile (least squares) and the residuals were calculated. Table 3 shows the RMSD 
of the residuals in each situation. 
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Figure 20: profiles and regressions for the UPDSM and swisstopo DTM (both 2 m/pixel) 

As it appears, the UPDSM residuals are consistently lower than for the swisstopo DTM. The 
difference in slope of the two linear functions may be caused by settling of the ground since 2002, 
the date that the swisstopo data was collected (swisstopo 2014).  

Table 3: RMSD of residuals of regressions 

Model RMSD of residuals [m] 

SwissALTI3D DTM (N=13) 0.025 

UPDSM 2 m (N=13) 0.015 

UPDSM 0.1 m (N=260) 0.018 

2.4.3  Discussion 
In conclusion, we saw that flow paths could be more accurately delineated when using UPDSMs , as 
long as there are no objects on the ground, when compared to flow paths delineated using the 
swisstopo dataset. These objects (cars, vegetation) are problematic and need to be filtered out. We 
also saw that when looking at a flat surface, the UPDSM had significantly lower residuals. Assuming 
that the UPDSM is of higher accuracy, the differences seen, especially for the aspect, suggest that 
there could be significant differences if a UPDSM is used instead of swisstopo data for modeling. 

This study also highlighted a main weakness of UPDSMs: the incapacity to reconstruct terrain under 
thick vegetation or in unlighted areas. This was evident for the forested ravine on the left side of the 
area (Figure 14), or for the stairwells (Figure 19). 

A considerable amount of information is lost during automatic point cloud processing in Pix4D 
(smoothing and outlier removal). Filtering methods tailored to our field of application could be of 
high potential, as discussed in §2.3. 

A general remark concerning the UPDSMs is the rather high level of noise on road surfaces (small 
compared to swisstopo data, but still visible in Figure 14a). We suspect that the image resolution 
was not high enough to capture the visual structure of the street, so that insignificant variations or 
even artifacts of JPG filtering were falsely matched. It would therefore be good to (i) try capturing at 
even higher resolutions and (ii) use raw images so that point matching is not affected by JPEG 
compression. 
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Part 3 Automatic sewer inlet identification  
3.1 Introduction 

3.1.1  Motivation 
Earlier in this study, we stressed how accurate UPDSMs could improve 2D urban flood modeling. But 
as DSMs become more accurate, the sewer network model also has to become more detailed: 
Currently, almost all 1D-2D models interface at manholes in the middle of the road. However, as in 
the example shown in Figure 14, overland flow modelled in UPDSMs correctly flows along the sides 
of the road. This error could artificially reduce the interaction between the flow in the sewer 
network and the overland flow. In light of this, the sewer network linked to a high-resolution 2D 
model should include sewer inlets as well as manholes. 

Unfortunately, sewer inlets are not completely included in most cadastral surveys, even in 
Switzerland5. Collection of this data could be done today by manually locating the inlets with a GPS, 
for example during sewer inspection or flushing. In this study we investigated to what extent sewer 
inlets can be automatically identified in high-resolution UAV images.  

Automatic sewer inlet identification is a challenging task because of the diversity of sewer inlet types 
and contexts that need to be taken into account. For example, a sewer inlet in the sun will have a 
stronger contrast than one in the shade, and markings on the road near a sewer inlet introduce 
superfluous structure to the image that need to be ignored. In Appendix F.1 we list the many 
dimensions of variability and show some examples of steel sewer inlet covers that can be 
encountered in practice in Switzerland. 

Apart from the nature of the object and its surroundings, there are additional limitations associated 
to the UAV orthophotos that we use. In particular, the image quality suffers due to blurriness and 
orthomosaic artifacts, and objects such as trees or vehicles can obstruct the view. The risk of a sewer 
inlet being covered by a parked vehicle is aggravated by the fact that sewer inlets are often located 
on the side of the road. 

 
Figure 21: Drawing of a square sewer inlet(www.bgs.ch) 

The classifier must therefore account for a certain amount of variability. It should not only be 
rotation-invariant, but should also account for different contexts and possibly different inlet types. In 
the context of this study, two ends of the classification spectrum will be investigated: (i) blob 
detection based on tailored selection criteria and (ii) boosting based on Haar-like features. We have 
limited the problem to identification of square sewer inlets only, similar to that shown in Figure 21. 

5 Stated on the basis of our meetings with urban drainage practitioners. 
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3.1.2  Research questions 
Specifically, in this part of the study we tried to answer the following questions: 

 Can sewer inlets be reliably identified in UAV images using computer vision algorithms? 
 Can open street maps or cadasters be used to refine the classification? 
 In practice, what are the challenges and opportunities of identifying sewer inlets based on aerial 

images? What is the practical value of having an automatic identification system? 

3.1.3  Literature review 
This study is the first time that high-resolution UAV images have been used for automatically 
locating sewer inlets. However, the problem of locating sewer inlets is comparable to that of 
manholes due to the similar dimensions, typical locations, and internal variation of the objects.  

Drewniok and Rohr (1997) are the first to look into automatic manhole detection in aerial images, in 
an example where the manholes are very simple and have a distinct light-colored center. The 
authors use a tailored cascade-type classifier with tests like threshold intensity ranges and template 
matching. 

Timofte and Van Gool (2011) developed a method for multi-view manhole detection, recognition, 
and 3D localization for use on a van-mounted system. The close-range object detection is based on 
mean-shift color segmentation and object filtration based on physiological properties such as aspect 
ratio, size, internal variance, symmetry, and finally local binary pattern histogram. Thanks to the use 
of multiple views, a detection performance of over 93% is achieved. With single-view, the rate is 
only 40-70% (Timofte and Van Gool 2011). 

Yu et al. (2014) present a marked point process for sewer inlet and manhole identification, in which 
square and circular regions defined by the Gaussian distribution of internal pixel intensities are 
adjusted to maximize the probability that the regions are covering sewer inlets or manholes 
respectively. The detection takes place within an orthographic projection of a LiDAR point cloud (an 
image), at a resolution of 2.5 cm/pixel. This means that the method can be compared to detection 
method described in this work. In their example, both sewer inlets and manholes are distinctly and 
uniformly darker than the surrounding pavement.  

3.1.4  Methodology 
Both Drewniok (1997) who looked at very characteristic objects and Timofte (2011) who used close-
range images, rely on tailored features for their classifiers. In this study we tested a tailored blob 
detector but focused on a general approach to sewer inlet detection by using only extended Haar-
like features (Lienhart and Maydt 2002). This allows the procedure we propose to be easily adapted 
to other situations, or to be applied to the identification of other kinds of objects altogether. 

In this study we very briefly discuss the option of a blob detector with simple selection and the 
option of a boosting method based on Haar-like features. More detailed descriptions of the 
detectors, as well as the procedure from training the classifier to assessing results and hard negative 
mining, is described in Appendix F. Results and practical implications on the basis of three case 
studies (Adliswil, Köniz, and Lucerne) are presented and discussed. 

The Adliswil case study is the same as that discussed in Part 1, but refers to a flight that covered 
approximately 40 ha with a GSD of 2.5 cm/pixel. The data from this case study was used to train the 
classifier and develop the classification procedure. Since no ground truth for the sewer inlets was 
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available, the orthophoto was visually inspected and sewer inlets manually digitized. More details on 
the Adliswil case study can be found in Appendix B.  

The Köniz case study was carried out specifically to assess the practical value of sewer inlet 
identification in aerial images: the near-perfect dataset of the municipality meant that we could 
precisely assess the proportion of sewer inlets hidden from view. The flight for this case study 
covered a 27 ha area with a resolution of 4 cm/pixel . More details on the Köniz case study can be 
found in Appendix C. 

Finally, the Luzern case study was also used for assessing the performance of the classifier. The area 
analyzed was about 21.3 ha. Although the Lucerne orthophoto had strong shadows unlike the other 
two case studies, the classifier performed well. More details on the Luzern case study can be found 
in Appendix D. 

3.2 Methods 

3.2.1  Blob detection 
Blob detection is a simple approach to the problem of object detection which only takes into 
account the facts that sewer inlets are generally darker than their surroundings, and that they are of 
a certain size and shape. In this way, it is similar to the approach presented by Yu et al. (2014). 
Details on implementation can be found in Appendix F.2. 

3.2.2  Boosting 
A boosted classifier consists in a cascade of so-called weak classifiers, in which one or several 
features of the image are assessed. In this study we used texture features commonly used for face 
recognition and selected via boosting, on the basis of several thousand positive and negative 
samples. Details on implementation can be found in Appendix F.3. 

3.2.3  Quality assessment  
Typically, the quality of object classification in images is assessed using a confusion matrix. In our 
case, however, we only have one class of interest – square sewer inlets. The metrics we used are 
commonly used in the area of object identification (Song and Haithcoat 2005): 

 Detection rate: The ratio of correctly detected objects to the total number of objects within the 
study area. The detection rate communicates the proportion of objects that were missed by the 
classifier either because of error or because of non-visibility. 

 Relative detection rate: Like the detection rate, except only visible objects are taken as 
reference. This tells us more about the performance of the classifier itself. 

 Correctness: The ratio of correctly detected objects to total number of detected objects. The 
correctness communicates to what extent the classifier predictions can be trusted. 

3.2.4  Hard negative mining 
The performance of boosted classifiers is highly sensitive to the quality of the training data provided. 
It is therefore common to iterate the training step in a process called hard negative mining. In each 
iteration the classifier is tested on a large labeled dataset and the worst mistakes are added to the 
training samples in order to be fixed in the next generation classifier. 
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3.3 Results 

3.3.1  Blob detection 
Blob detection had a relatively high correctness, but an impedingly low detection rate. For a typical 
classifier configuration in the Adliswil case study, we achieved a detection rate of 15.8% and a 
correctness of 57.4%. The main weakness of blob detection is that a high level of parameter tuning is 
necessary in for each specific problem. 

In Appendix F.5.3 we illustrate this point with a small area containing 6 sewer inlets, which each 
needed a specific set of tuning parameters in order to be identified. This drawback strongly limits the 
potential of blob detection for sewer inlet identification, as demonstrated by the fact that we were 
never able to reach a satisfactory detection rate in the Adliswil case study. 

3.3.2  Boosting 

Hard Negative Training 
As expected, hard negative training led to substantial improvement of the correctness, while having 
only a minor influence on the detection rate. This is shown with data from the Adliswil case study 
(Figure 22), where errors from the boosting (3 neighbor criteria) were added to the negative sample 
database at each iteration. The third generation classifier was used for all subsequent classifications. 

 
Figure 22: The effect of hard negative mining (Adliswil dataset), 3 neighbors 

 

 
Figure 23: The effect of redundancy criteria, Adliswil dataset. Classifier after 3rd iteration hard negative mining (slightly 

different settings from the previous situation) 
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Redundancy 
With the classifier we used, the only parameter that can be influenced after the classifier is trained is 
the number of times an object has to be identified in order to be counted as such (Figure 23). As 
expected, this parameter determines the balance between detection rate and correctness. Notice 
that at the extremes we reach qualities of around 90%, but we can’t have both at the same time. 

3.3.3  Effect of road data source 
In the Köniz case study (Appendix C) we evaluated the impact of using different datasets for clipping 
the raster images before sewer inlet detection. We observed that the correctness increased from 
2.2% to 23.2% (10 times less false positives) if we used a raster clipped to the road areas instead of 
the whole orthophoto, while the relative detection rate fell only from 72.2% to 67.8% (Figure 24). 
This is due to labeling problems of the roads in the cadaster. The relative detection rate falls to 50% 
if we use OpenStreetMap data instead of cadaster data, which in this case is partially due to the fact 
that OpenStreetMap contained some errors and omissions, leaving some of the roads uncovered. 
The “Road borders from cadaster” selection achieves the highest correctness because it restricts the 
raster to the side of the road – where there is the highest concentration of sewer inlets. The higher 
detection rate of “Roads from cadaster” is explained by the fact that some sewer inlets are located 
away from the sidewalk, for example at bus stops or parking places. 

 
Figure 24: The effect of raster clipping, Köniz dataset, 3 neighbor criteria 

3.3.4  Robustness 
The Adliswil and Köniz case studies both took place under overcast skies, but the flights for the 
Luzern case study took place on a sunny day in March – so the shadows were long and strong. Direct 
sunlight was a concern, first because it changes the way the sewer inlets look, second because the 
signal to noise ratio is reduced in the shadows, and third because shadows partially falling on a 
sewer inlet could me the inlet hard to detect. As can be seen in Figure 25, the classifier performance 
in fact does not vary significantly from location to location, despite the difference in sewer inlet 
types, season, and weather conditions. This suggests that a classifier trained in one location could be 
applied in another with similar results. 

 
Figure 25: Performance of classifier for different case studies. (Orthophotos clipped to road borders, 3 neighbor criteria) 
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3.3.5  Absolute performance 
The Köniz case study allowed us to assess the real detection rate of our method in a practical 
example, because nearly all the sewer inlets in the study area had been manually located for the 
municipality cadaster. We found that 70.2% of the square sewer inlets could be identified manually, 
58.7% could be identified by the automatic detector (one neighbor criteria), and 74.4% could be 
identified manually when suggestions from the automatic detector were proposed. The low 
detection rate is partially due to the fact that the case study took place in May, when the trees had 
already bloomed. As a result, about 18% of the sewer inlets were covered by vegetation (Appendix 
C.3.5). 

3.4 Discussion 
While the achieved overall detection rate of 60-70%6 is still below what could be required in 
practice, there is still hope for the UAV-image approach. 

In summary, we need to distinguish between the potential of (i) using aerial images as a basis for 
sewer inlet localization and (ii) using automatic classification algorithms to process these images. 
The Köniz case study mentioned in §3.3.5 showed us that in a season when the leaves are out, 
around 20% of the sewer inlets were not visible at all. This figure will vary from location to location, 
and can naturally be reduced if the images are acquired in winter. The boosted classifier tested in 
this study was robust and showed significant potential for further improvement. We expect that the 
method could be refined to achieve over 90% relative detection rates without too many false 
positives. The fact that the automatic detection procedure can aid manual identification at no extra 
cost is a notable benefit. 

The general approach used for identifying sewer inlets in this study can be applied to other objects 
as well as other image sources can be used as well. Airplane-based imagery for example is reaching 
sub-decimeter levels and could also be used for object detection. In Germany, around 10 % of large 
utilities have aerial images with 5 cm resolution, and 40% have 10 cm resolution (Zimmermann 
2010). 

In order to continue research in the area of object identification with UAV imagery, the following 
ideas could be pursued: 

 Applying the detection procedure to manholes. 
 Identification of objects in individual images instead of in orthophoto, thereby increasing the 

redundancy and viewing angles of the analysis. The advantage of using multiple views in close-
range identification was shown by Timofte and Van Gool (2011). 

 Supplement or replace Haar-like features with tailored features that are of particular relevance 
to the objects of interest. The downside of this approach is that the classifier is then optimized 
for one object type only, and cannot be efficiently for other objects.  Gleason (2011) applies such 
a strategy for his research in car detection. 

 Since the orientation of sewer inlets is often the same as that of the road, this information could 
be used to improve detection quality. 

 Use of other sensors such as infrared or higher resolution images. 

6 Using the boosting method with hard negative mining and three neighbor criteria. 
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Part 4 Conclusion, interpretation, and outlook  
4.1 Findings 
Several questions were raised at the beginning and during this study. While some of these have been 
answered, others are left open to further research. Below we summarize the main findings of the 
study. 

 It was difficult to link the quality of DSMs from UAV photogrammetry (UPDSMs) with the 
nominal UAV flight parameters. Among the various hints to possible correlations, the strongest 
was between increased flight height and, counter-intuitively, the correct representation of 
curbs. 

 DSM improvement through point cloud processing was successfully applied to solve several 
problems such as grainy building edges or holes. Used in the Lucerne case study, the methods 
contributed to improve orthophoto and DTM quality. 

 When comparing the UPDSMs to the models from swisstopo, we saw that the UPDSMs lead to 
more realistic overland flow paths and a lower noise level in bare zones. However, terrain under 
vegetation was better represented in the swisstopo datasets (generated from LiDAR data). 
Importantly, we found that the influence of curbs on overland flow was maintained at a DSM 
resolution of 1 m/pixel, which confirms previous work on high-resolution DSMs in urban 
drainage (Sampson et al. 2012). 

 The sewer inlet identification procedure we proposed accounts well for variations and there is 
still room for substantial improvement at levels of image acquisition, processing, and 
classification. We showed that automatic classification can currently detect up to 90% of visible 
sewer inlets, and can help increase the manual detection rate by 5%. 

4.2 General conclusions 
As general conclusions to this study, we can make the four following statements: 

 The quality of UPDSMs depends on more than nominal UAV flight parameters. Individual picture 
quality, image processing, DSM filtering methods, and uncertainties in parameter measurement 
are factors of influence that were not assessed in this study but could play a significant role. 

 DSM postprocessing has significant potential but the quality that can be achieved will remain 
limited by UPDSM’s poor representation of terrain below dense vegetation, even if images are 
capture in the winter when there is less foliage. 

 From our comparisons with swisstopo data, UPDSMs can be used for overflow modeling 
whenever possible as long as the terrain is relatively open. 

 The UAV remote sensing approach to object identification surpassed initial expectations for 
sewer inlets. The approach could be used for other objects and in other situations, for example 
in combination with social media-powered image tagging. 

 Overall, UAV remote sensing is a flexible and efficient method to collect geographic information 
over small and medium-sized municipalities. 
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4.3 Outlook 
In this study, we have suggested possible courses of action to improve our understanding and 
applicability of UAV remote sensing for urban flood management. Below is a consolidation of the 
most interesting suggestions. 

UAV flight parameters 
 It would be valuable to repeat the same flight a number of times with the same parameters, in 

order to quantify how much DSM quality varies, independently of flight parameters. 
 Uncertainty with regards to flight parameters like pitch and overlap could be reduced a 

posteriori by analyzing the positions and orientations of the calibrated images. 
 The current camera device operates on automatic mode only and has a low dynamic range. 

Using a more advanced device, we could obtain images with more information, configure 
parameters like shutter speed as well as manually calibrate the camera. 

 The photogrammetry settings used for bundle block adjustment and point matching were not 
investigated in this study. For such a study, we recommend that a more transparent and 
configurable photogrammetry software, such as Agisoft Photoscan be used instead of Pix4D. 

DSM filtering 
 Removal of objects from the UPDSMs such as vehicles and vegetation could be further improved 

by taking land use data into account to perform selective filtering.  
 Overland flow models need to distinguish between flow-relevant objects ( i.e. walls) and non-

relevant objects (i.e. vegetation and bridges). Cadaster information and point cloud classification 
tools could allow this to be done efficiently. 

Object identification 
 RGB data could be supplemented with infrared bands in order to improve object identification. 
 Classification in this study took place on intensity images. Applying the detection procedure to 

manholes. 
 One could identify objects in individual images instead of in the orthophoto, thereby increasing 

the redundancy and viewing angles of the analysis. The advantage of using multiple views in 
close-range identification was shown by Timofte and Van Gool (2011). 

 The Haar-like features used in this study could be supplemented with tailored features that are 
of particular relevance to the objects of interest. The downside of this approach is that the 
classifier is then optimized for one object type only, and cannot be efficiently used for other 
objects. 

 Since the orientation of sewer inlets is often the same as that of the road, the road orientation 
could be extracted from road network data and used to improve detection quality. 
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A UAV remote sensing 
 

A.1 Definition of UAVs 
A UAV, or Unmanned Aerial Vehicle, is an uninhabited aircraft that is reusable, distinguishing it from 
missiles used in military7 practice. Its operation can be either autonomous, remote controlled, or a 
combination of the two. UAVs, commonly also referred to as drones, have a strong negative 
connotation which has motivated both civilian and military sectors to propose alternative names, 
such as Remotely Piloted Aircraft (RPA) or Unmanned Vehicle System (UVS) (Bennett-Jones 2014; 
Eisenbeiss 2009). While their application in military operations is the most mediatized, the industry 
of civilian UAVs has been increasing steadily, as illustrated by the number of civilian UAVs that has 
more than doubled since 2008 (Colomina and Molina 2014). The range applications of UAVs in the 
civilian context is immense: archaeology (Sauerbier and Eisenbeiss 2010), precision agriculture 
(Zhang and Kovacs 2012), crowd monitoring (Duives, Daamen, and Hoogendoorn 2014) to name just 
a few. 

UAVs commonly take the form of single- or multiple-blade helicopters and fixed-wing aircraft, 
though other possibilities exist. Eisenbeiss (2009) gives an extensive historical background of the 
various UAV types. 

A.2 Legal environment of UAV operation in 
Switzerland 

In Switzerland, the legal environment surrounding UAVs is relatively lax. The only absolute 
requirement is a liability insurance of one Million Swiss Francs. Generally speaking, UAV operation 
falls under the same category as recreational model aircraft operation (UVEK 2014). No license is 
required for operating UAVs with a weight below 30 kg, and there is no obligation to request a flight 
permit unless: 

 The flight takes place within 5 km of an airport, landing strip, or heliport. 
 The flight takes place above the Visual Flight Rule Minimum of 500 ft (approx., 150 m), within 

the control zone of an airport. 
 Line-of-sight flight cannot be guaranteed.8 

7 http://www.uavs.org  
8 Except in certain cases. See Verordnung des UVEK über Luftfahrzeuge besonderer Kategorien (2014) for 
details 
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During the summer of 2014, additional requirements regarding mass gatherings will be added to the 
act (Farner 2014).  

Despite the relatively lax federal laws concerning UAVs, it is advisable to communicate one’s flight 
plans with local authorities and possibly locals, for two reasons: (i) individual cantons are given the 
freedom to apply restrictions on top of those defined by the Federal Office of Civil Aviation (FOCA). 
(ii) one may attract more media attention than desired, as demonstrated by a recent situation in 
Lucerne (Gigor 2014) 

A.3 UAV Photogrammetry 
Because of the weight limitations implicated with UAV platforms, especially for the one used in this 
study (§A.6.1), photogrammetry is often the preferred technology when collecting 3D data using 
mini-UAVs. But photogrammetry does not only have a weight advantage: data collection efficiency, 
superior point cloud density and useful byproducts are some of the advantages of photogrammetry 
(Leberl et al. 2010). An overview of applications specific to UAV photogrammetry is provided by 
Remondino et al. (2011). 

The main steps in 3D model generation9 are presented in the following points (Strecha et al. 2011):  

 First, aerial images are scanned for characteristic points, which are assigned descriptors in order 
to be easily compared. If ground control points (GCPs) are used to georeference the model, they 
are usually labelled in the images before this step. 

 The descriptors, as well as geoinformation from the images, are processed in a so-called bundle 
block adjustment, in order to establish a rough point cloud model, and determine the internal 
and external camera parameters (Triggs et al. 2000).  

 With the exact camera parameters known, the point cloud model is optimized. It is still relatively 
sparse since formed only of the characteristic from point 1. 

 Thanks to this sparse point cloud, dense image matching can be performed to increase the 
spatial resolution of the model(Schindler 2012). 

The resulting digital surface model (DSM) is a point cloud with a certain number of errors, which 
need to be removed, as discussed in §0. Furthermore, if a digital terrain model (DTM) is desired, 
vegetation, buildings, and other objects need to be filtered out. A filtering method developed 
particularly for high-resolution point clouds generated through UAV photogrammetry is proposed in 
§0.  

To generate an orthophoto, also referred to as orthomosaic, the following steps need to be taken: 
First, the point cloud DSM is triangulated to form a triangular irregular network (TIN). Then, the 
original images are straightened out and the pixels are projected onto the TIN(Strecha, Van Gool, 
and Fua 2008). Depending on the application of the orthophoto, the images used may need to be 

9 A schematic representation of the process for the Pix4D software can be found at 
https://support.pix4d.com/entries/27939633 
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manually selected and edited. This is referred to as mosaic editing. The images are then merged 
together to form the orthomosaic.  

A.4 UAV photogrammetry workflow 
A workflow for UAV photogrammetry has been established by Eisenbeiss (2009). In short, the 
process can be broken down into four steps: 

1. Flight planning, both administrative/legal and technical 
2. Measurement and /or marking of ground GCPs. 
3. Flight execution 
4. Image processing 

General guidance and best practices are presented by Eisenbeiss (2009), PIEngineering (2012), and 
(Pix4D Support Team 2014). 

A.4.1 Flight variables 
The parameters that need to be set during planning are essentially: 

 Flight altitude 
 Image angle from vertical 
 Frontal and lateral overlap 
 Flight plan structure (grid or double grid) 
 Area covered 

For the UAV used in this study, the variables are not independent but rather limit each another. For 
example, it is not possible to have a frontal overlap higher than 70% when flying at 80 meters above 
ground, because that would require that the UAV fly slower than what is physically possible.  

The relationship between flight height and coverable area for a flight, for three different lateral 
overlaps, is illustrated in Figure A-1 (data was extracted from eMotion, the program described in 
§A.6.3). 

 
Figure A-1: The maximum area that can be covered by the UAV(For a given flight height and overlap.) 
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A.5 Discussion 

A.5.1 Advantages and limitations of photogrammetry 
Although LiDAR and photogrammetry are often viewed as competing technologies, they are actually 
rather complementary, and are sometimes used together. In the following, the main aspects are 
listed (Baltsavias 1999; Leberl et al. 2010): 

• Disadvantages of photogrammetry 
 Very sensitive to weather conditions 
 Lower vertical accuracy than LiDAR 
 No information like return number 
 Orthophoto generation can produce artifacts on buildings and trees 
 Dependent on visual structure or terrain 

• Advantages of photogrammetry 
 Point clouds have a higher spatial resolution 
 Planimetric accuracy is better 
 Image quality is higher than for LiDAR, useful for manual validation 
 Lighter weight, lower price 

A.5.2 UAVs for remote sensing 
Remote sensing with UAVs for our application makes sense for two reasons: 

First, UAVs have a higher temporal flexibility: since aerial photography campaigns in Switzerland take 
place from Spring to Fall, vegetation is usually in full bloom (swisstopo 2013). Either for the 
determination of ground perviousness, for elevation model generation, or for object recognition, it is 
favorable if trees and vegetation are bare. UAVs offer this flexibility because in the winter they can 
fly beneath the clouds or on very short notice. For the case study in Köniz, Bern (Appendix C), the 
decision to fly preceded the flight by only a few hours. 

 For various reasons, it may occur that images of small areas need to be captured anew. UAVs offer a 
cost-effective solution in such cases. 

A.6 UAV photogrammetry tools used in this study 

A.6.1 UAV platform 
The UAV platform used in the study is a fully autonomous fixed-wing aircraft produced by senseFly 
SA10, developed as a professional surveying tool (Figure A-2). The UAV is electric-powered, has a 
wingspan of 96 cm, and weighs about 0.7 kg including a payload of 0.15 kg. In optimal flight 
conditions, the UAV has a flight time of 40 minutes and has a cruise speed between 36 and 72 km/h. 
As illustrated by the various case studies presented in this study, the UAV can cover large areas in a 

10 http://www.senseFly.com 
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reasonable amount of time, which is important for the economic viability of UAV remote sensing. 
Detailed information is provided in Table A-1. 

 
Figure A-2: Fixed-wing UAV used in the study 

This specific UAV is well-adapted for this study for two main reasons. First, it is delivered as a system 
complete with flight planning and photogrammetry software, designed to work seamlessly with one 
another in a straightforward and intuitive way. Attention can thus be focused on the results 
delivered rather than the details of the technology itself. Second, the UAV is inherently safe 
(lightweight and electric powered, foam body, glides if out of power) and the autopilot has built-in 
safety procedures. This makes it well adapted to flights in urban areas. 

Table A-1: Specifications of the UAV used in the study  

Wingspan 96 cm 
Wing area  0.25 m 
Typical Weight  0.7 kg 
Payload 16 MP camera, electronically integrated and controlled 
Battery  3-cell Lithium-Polymer 
Capacity 1800 mAh 
Endurance 45 minutes of flight time 
Propulsion  Electric brushless motor 
Nominal cruise 
speed  36-72 km/h (10-20 m/s) 
Wind resistance  up to 45 km/h [12 m/s) (Wind-Tauglichkeit) 
Mapping area  coverage up to 10 kml 
Remote control 2.4 GHZ, range: approx. 1 km, certification: CE. FCC 
Data 2.4 GHZ, range: approx. 3 km, certification: FCC Part 15.247 
Navigation  Autonomous flight and landing, up to 50 waypoints direction 
Material  Styrofoam 
Construction senseFly AG (http://www.senseFly.com) 
Value CHF 20 000 (Drone + Software), Wing replacement CHF 300 

 

A.6.2 Camera  
The UAV was mounted with a customized Canon IXUS 127 HS that is triggered by the UAV autopilot. 
The camera has RGB bands and functions in auto mode. It is not possible to configure the settings 
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for a given flight. For that, another camera would be required. The specifications of the IXUS 127 HS 
are given in Table A-2. 

Table A-2: Specifications of the Canon IXUS 127 HS 

Camera Effective Pixels  Approx. 16.1 million pixels 
Lens Focal Length  5x zoom: 4.3 (W) — 21.5 (T) mm  

(35mm film equivalent: 24 (W) — 120 (T) mm) 
LCD Monitor Effective Pixels 7.5 cm (3.0 in.) color TFT LCD, Approx. 461,000 dots 
File Formats Design rule for Camera File system, DPOF (version 1.1) compliant 
Still Images Exif 2.3 (JPEG) 
Data Types (Movies) MOV (H.264 video data, Linear PCM (2 channelmonaural) audio 

data) 
Interfaces  Hi-speed USB, HDMI Output, Analog audio output (monaural), 

Analog video output (NTSC/PAL) 
Power Battery Pack  NB-11L, AC Adapter Kit ACK-DC9O 
Dimensions  (Based on CIPA Guidefines) 93.2 X 57.0 X 20.0 mm (3.67 X 2.24 X 

0.79 in.) 
Weight (Based on CIPA 
Guidelines) 

Approx. 135dg (approx. 4.76 oz.; including batteries and memory 
Card ) 

 

A.6.3 Software  
Commercial and free open source software was utilized for flight planning and processing the raw 
image data into DSMs and orthophotos. 

A.7 Flight planning 
Flight locations were identified and analyzed using Quantum GIS (QGIS Development Team 2014). 
Detailed flight planning, flight simulation, flight monitoring, and image georeferencing was 
performed in eMotion 211, the proprietary software delivered by senseFly with the UAV. 

A.8 Photogrammetry and orthophoto generation 
The photogrammetry tasks, such as bundle block adjustment, point cloud generation, and 
orthophoto creation were performed using Pix4Dmapper (Strecha et al. 2011), one of the leading 
software for UAV photogrammetry (Sona et al. 2014). Its main strength is a good handling of rather 
imprecisely referenced images captured with UAVs. The software is under steady development, as 

11 https://www.senseFly.com/operations/flight-planning-control.html  
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illustrated by the fact that there were 7 new releases of the Pix4D software between the 1.st of 
January and the 30th of May 2014 (“Pix4D Software Updates” 2014) 

A.9 Other 
Point cloud filtering strategies developed in this study were applied using the open-source software 
CloudCompare (Girardeau-Montaut 2011). 

Various GIS operations such as polygon editing, raster clipping, and visualization were performed in 
the open-source software Quantum GIS (QGIS Development Team 2014), which is based, among 
others, on GDAL (Warmerdam 2008), a code library that was used for image classification as well. 
The open-source library OpenCV (Bradski 2000) provided the tools required for image processing and 
for object identification. In-house algorithms and OpenCV implementation were written in Python 
(Sanner 1999) 
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B Adliswil case study  
 

B.1 Executive summary 
Flight Location: Adliswil, Zürich 

Flight Date: January 29-30, 2014 

Main objective: Assess influence of flight parameters on UPDSM quality, and collect 
data for sewer inlet classifier training. 

Main contact: Mr. Matthew Moy de Vitry 
+41 078 636 07 21 
matthew@skyplan.ch 
www.skyplan.ch  

EAWAG contacts:  

 
D 

Data: Small zone (4 ha):  
DSMs for flight parameter investigation, 20 cm/pixel 
DSMs for swisstopo comparison, 10, 50, 100, 200 cm/pixel 
Large zone (40 ha planned, 57 ha produced): 
Orthophoto, 4cm/pixel, original and clipped to roads 
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B.3.4 Orthophoto generation ...................................................................................... 50 
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B.2 Description 

B.2.1 Objectives 
The objective of this case study had two sides: first, it was to provide the data to support the 
assessment of the DSM quality (both for flight parameters and swisstopo comparison). Second, it 
was to provide data for training and testing of the sewer inlet classifiers. 

B.2.2 Location 

Criteria 
6 locations were proposed for the pilot flights (several altitudes and flight settings). The selection is 
governed by the criteria below. 

• General 
 Within Adliswil 
 Existence of a landing area with 60x40m of flat, bare ground 
 Line-of-sight flight always possible 
 Different road types 

• DSM quality 
 Existence of sidewalks 
 Different terrain types 
 Enough elevation difference 

Selection 
Six locations were pre-selected in Adliswil using Google Earth, and each site was then evaluated 
according to the above criteria (Table B-1). 

Table B-1: Location evaluation for DSM assessment 

Criteria Talstr. Kopfholzstr. I Kopfholzstr. II Riferstr. Gheistr. Stiegstr. 
Within study area 1 1 1 1 -1 1 
Landing 1 -1 -1 -1 2 1 
Visibility 1 2 2 2 2 2 
Road types 2 1 1 -1 -1 2 
Sidewalks 2 1 2 -1 -1 2 
Terrain types 1 1 -1 2 2 2 
Slope 2 2 2 2 2 2 
Road density 1 1 2 -1 -1 2 
Congestion 2 2 -1 2 2 1 
Total 13 10 7 5 6 15 
 

According to Table B-1, the Stiegstrasse location is the most fitting for our case study. A visualization 
of the location is given in Figure B-1. 
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Figure B-1: Visualization of the Adliswil flight location (4 ha). © Google Earth 

B.3 Methodology 

B.3.1 Underlying datasets 

Surveying points 
Surveying points were needed for georeferencing the images and model in 3D. The points were 
always on a stone, covered by a steel cover. For the flight parameter assessment and the sewer inlet 
classification flights, no adjustment was made for the fact that the actual coordinates were below 
the ground where they were marked in the image for the swisstopo comparison, the height 
difference between ground and stone were measured and accounted for (Figure B-2). 

 
Figure B-2: Measurement of the elevation difference between visible ground and reference stone. 

Cadaster 
The road cadaster of the municipality of Adliswil was used to select negative samples for classifier 
training as well as for cadaster clipping during sewer inlet classification. 
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Manhole coordinates 
In order to assess the vertical accuracy of the DSMs, reference coordinates were needed. 
Coordinates from the sewer network manholes were used for this purpose. We requested further 
datasets from the local geometer, but received no answer. 

Sewer inlet ground truth 
No data for sewer inlets was available in Adliswil, so the sewer inlets had to be manually labelled in 
the orthophoto. For this reason, only a relative detection rate can be calculated in Adliswil. 

B.3.2 UAV flights 

Legal 
A request was sent toSkyGuide for flying in Adliswil (47.310606, 8.534439 with a 600 meter radius). 
This location is outside of SkyGuide’s control zone and so we did not need their permission to fly 
over 150 meters above ground. 

Flight plans 

• DSM assessment 
The flight parameters for the DSM assessment samples were determined on the basis of the 
research questions and hypotheses outlined in §2.2.1 . An area of 4 ha is covered by these flight 
plans; other parameters are given in Table B-2 (s01-s16) 

Note that samples 15 and 16 can be decomposed from samples 14 and 11, respectively, by picking 
out images at a regular interval: 

𝑂𝑣𝑒𝑟𝑙𝑎𝑝𝑡ℎ𝑖𝑛 = 1 − 𝑃𝑖𝑐𝑘𝑖𝑛𝑔 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 × (1 − 𝑂𝑣𝑒𝑟𝑙𝑎𝑝𝑑𝑒𝑛𝑠𝑒) 

• Sewer inlet identification 
For sewer inlet identification, the accuracy of the DSM was a secondary matter. It was especially 
important that a sufficient number of sewer inlets be located within the area. An area of 40 ha was 
selected, but the images allow an orthophoto of 57 ha to be created; other parameters are given in 
Table B-2 (l01). 

48 Appendix B 



  Adliswil case study 

Table B-2: Flight parameters of the flights required to answer the research questions 

Flight 
# 

Research 
questions 

GSD 
[cm] 

Pitch 
[°] 

Frontal 
overlap 

Lateral  
overlap 

Elevation 
[m ATO] Sun 

l01 Classif. 3 0 60% 70% 90 NO 
s01 A 4.5 0 80% 70% 145 YES 
s02 A; B; D 4.5 0 70% 80% 145 YES 
s03 B 4.5 7 70% 80% 145 YES 
s04 B 4.5 15 70% 80% 145 YES 
s05 C; D 6.5 0 70% 80% 205 YES 
s06 C 6.5 7 70% 80% 205 YES 
s07 C 6.5 15 70% 80% 205 YES 
s08 D 2.5 0 70% 80% 85 NO 
s09 D 10 0 70% 80% 310 MED 
s10 E 7 5 70% 80% 220 YES 
s11 E 7 5 85% 80% 220 MED 
s12 E 7 5 55% 80% 220 NO 
s13 E 7 5 70% 65% 220 NO 
s14 E 7 5 70% 90% 220 NO 
s151 E 7 5 70% 70% 220 NO 
s162 E 7 5 60% 80% 220 MED 

1: Sample 15 is composed of the image from every third flight line of sample 14 (lateral overlap 90%) 
2: Sample 16 is composed of every third image from sample 11 (frontal overlap 85%). This means it actually has an 
overlap closer to 55% 
 

B.3.3 UPDSM generation 

Georeferencing 
Georeferencing of the projects was performed using surveyor’s points obtained from a previous 
project in Adliswil. Four GCPs were used for the 4-ha area (Figure B-3) and ten points were used for 
the 40-ha area. 

 
Figure B-3: Ground control points for the 4 ha area of the Adliswil case study. 
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Processing parameters 
Each sample of images was processed using the same combination of parameters in the Pix4D 
program. The settings used are summarized in the Table B-3 below. A decisive parameter is the 
minimum matches parameter, which sets the number of times a point must be contained in an 
image in order to be valid.  

Table B-3: Photogrammetry process parameters in Pix4D12 

 4 ha, for flight parameter 
investigation 

4 ha, for swisstopo 
comparison 

40 ha, for sewer inlet 
identification 

Initial processing    

Feature extraction 
scale 

1 1 1 

Image Re-matching No No No 

Pixel matching     

Image scale ½, Multiscale ½, Multiscale ½, Multiscale 

Point density Optimal (A 3D point is 
computed for every 8 
pixels of original image) 

Optimal (A 3D point is 
computed for every 8 
pixels of original 
image) 

Optimal (A 3D point is 
computed for every 8 
pixels of original 
image) 

Minimum matches 3 4 3 

Point cloud filtering    

Noise filtering radius 10 GSD 14 GSD 10 GSD 

Surface smoothing 
type 

Sharp Medium Sharp 

Smoothing radius 10 GSD 20 GSD 10 GSD 

The DSMs and orthomosaic resolution were chosen at 20 cm per pixel, in a constant area for each 
sample. This was done for several reasons: 

- In order to have rasters with exactly the same sizes and resolutions. This makes it possible to 
perform operations between the rasters without a problem. 

- In order to smoothen out the noise that further persists in the DSMs 
- To reduce processing times and file sizes. 

B.3.4 Orthophoto generation 
The large orthophoto for sewer inlet identification was generated with no manual adjustment 
beforehand. 

 

 

 

12 For explanations see https://support.pix4d.com/entries/27417003  
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C Köniz case study 
 

Executive summary 
Flight Location: Köniz, Bern 

Flight Date: May 1st, 2014 

Main objective: Assess practical utility of object identification algorithm. 

Key findings:  - The sewer inlet classifier identified 71.1% of visible inlets, for a 
completely new dataset. 
- Computer assistance improved manual labeling by 5.5%. 
- 74.4% of all square sewer inlets are visible in the UAV orthophoto. 
- Even the best cadastral data for sewer inlets have significant errors. 
- If no cadastral data is available, OpenStreetMap data can be used 
with comparable classification results. 

Main contact: Mr. Matthew Moy de Vitry 
+41 078 636 07 21 
matthew@skyplan.ch 
www.skyplan.ch  

External contacts:  Mr. Reiner Gitzel 
Granted flight permission and provided cadaster data 
Project leader / Municipality of Köniz 
+41 31 970 94 28  
reiner.gitzel@koeniz.ch 

EAWAG contacts:  

 
D 

Data: Orthophoto “Gebäude”: 4cm/pixel, more accurate building 
boundaries 
Orthophoto “Strassen”: 4cm/pixel, manually edited to remove 
moving vehicles 
DSM:   20cm/pixel, with vegetation 
Sewer Inlets:   Shapefile of sewer inlets identified through 
assisted manual labeling of the drone images 

 

Dr. Joao P. Leitao 
+41 58 765 6714  
joaopaulo.leitao@eawag.ch 

Dr. Joerg Rieckermann 
+41 58 765 53 97 
joerg.rieckermann@eawag.ch 
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C.1 Description 
This case study was designed and executed in the context of the master thesis on the topic of 
improving urban flood management with autonomous mini-UAVs, an interdisciplinary study initiated 
by EAWAG with the partnership of the chair for photogrammetry and remote sensing at the Institute 
of Geodesy and Photogrammetry (IGP) of ETH Zürich. It aims at establishing an overview of two 
potential applications of UAVs within urban flood management: (i) object identification and (ii) 
digital elevation model generation. 

C.1.1 Objectives 
The main objective of this case study is to assess the practical value of the proposed object 
identification methodology, with cadastral data of high completeness and accuracy serving as a 
ground truth. Indeed, it is important to understand the proportion of objects that can be identified 
in relation to the grand total, including those hidden from sight. This aspect is of practical interest, as 
it tells us how useful the method could hypothetically be for practitioners. The objects used, as in 
the main study, are square sewer inlets. 

Furthermore, we wanted to compare the performance of fully manual detection with those of 
assisted manual and fully automatic detection.  

Finally, the effects of image clipping with road vector data and the influence of detection 
redundancy criteria will be assessed. 
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C.1.2 Location 
The location of the case study is near the center of the municipality of Köniz, about three kilometers 
from the center of Bern.  

Figure C-1 shows the area covered by the drone flight. The location was chosen on the basis of the 
high-quality cadaster availability, landing space availability, topography, the density of sewer inlets, 
and the distance to the nearest airport (Bern-Belp). Table C-1 provides some key figures about the 
study area, which is a large subselection of the flight location and defines where the object 
identification actually takes place. 

Table C-1: Properties of the study area 

Area 27.316 ha 

Number of sewer inlets (all) 193 

Number of square sewer inlets 121 

 

 
Figure C-1: The flight location (yellow) and study area (green). © Google Maps 

C.1.3 UAV platform 
The UAV used in this case study, as for others in the study, is a fully autonomous fixed-wing UAV, 
produced by senseFly SA in Switzerland. The UAV has a flight time of 30 to 40 minutes and cruises at 
a speed of 40-60 km/h at 100-300 m above ground. With a foam body (Figure C-2) and a wingspan 
just under one meter, it is lightweight and inherently safe. 
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The eBee carries a 16 MP RGB compact digital camera that is synced to the UAV autopilot. The 
images taken are the foundation for the orthophoto generation, which is described in §C.2.3. At 
typical cruise heights, the ground sampling distance is between 2.5 and 10 cm per pixel, so personal 
privacy is not infringed. Depending on the flight height and other parameters, areas of over one 
square kilometer can be covered. 

 
Figure C-2: Fixed-wing “eBee” UAV from senseFly SA 

In Switzerland, the eBee UAV falls into the category of lightly regulated aircraft, similar to 
recreational model aircraft. Apart from restrictions pertaining to airports, military zones, and mass 
gatherings, the UAV can be operated without a permit. However, permission must be requested if 
line-of-sight flight cannot be guaranteed. 

C.1.4 Software tools 
For processing the raw image data into interpretable information, commercial, free and open source 
software was utilized. We mention here the most important tools that were used. 

Bundle block adjustment, point cloud generation, and orthophoto creation were performed using 
Pix4D (Strecha et al. 2011), the leading software for UAV photogrammetry. To improve the quality of 
the point cloud, filtering strategies developed in this study and presented in §2.3 were applied. For 
this, the open-source software CloudCompare (Girardeau-Montaut 2011) was used. Various GIS 
operations such as polygon editing, raster clipping, and visualization were performed in the open-
source software Quantum GIS(QGIS Development Team 2014), which is based among others on 
GDAL (Warmerdam 2008), a code library that was used for image classification as well. The open-
source library OpenCV (Bradski 2000) provided the tools required for image processing and for 
object identification. In-house algorithms and OpenCV implementation was written in Python 
(Sanner 1999) 

C.2 Methodology 
In this part, we outline the methodology for data collection, processing, and analysis. First, an 
overview of the supporting  vector data is given. Then, the UAV flight plan and image capture 
parameters are presented. In the following section, the generation procedure of georeferenced 
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orthophotos for image processing is described. Finally, the methods used for sewer inlet 
identification are presented. 

C.2.1 Underlying datasets 
The following datasets are necessary for all steps of the present study: 

Road network 
The road network consists in polygons or polylines indicating where the roads are situated. Coming 
from the local cadaster or from OpenStreetMap respectively, this information allows the 
classification area to be restricted. It is also used to georeference the orthophoto in the 
photogrammetric process. 

Sewer inlet ground truth 
This corresponds to a dataset containing the actual locations of all square sewer inlets within the 
study area. It forms the ground truth against which all predictions are tested. While the cadaster 
data in this case study was well above average, there were still a few problems that had to be 
manually corrected. 

Three error types were identified: mislabeling, omissions, and inaccuracies (Table C-2). These errors 
in the ground truth initially led to an erroneous assessment of the classifier performance, so the 
ground truth was corrected using the assisted manual classification as a reference. Though 
improved, the corrected ground truth probably still contains a certain amount of errors that cannot 
be identified using the aerial images. 

Table C-2: Characteristics of original ground truth 

Total sewer inlets Mislabeling/Omissions Imprecisions  

121 22 (18%) 1 (<1%) 

 

• Mislabeling 
We define mislabeling as “sewer elements that were falsely labeled as square sewer inlets. Four 
such cases were found, two of which are illustrated in Figure C-3. 

   

 
(a) side inlet without cover 

 
(b) side inlet with cover 

Figure C-3: Examples of side inlets mislabeled as square inlets 

• Omissions 
Omissions occur when a square sewer inlet was not labeled as such, either because it was labeled as 
something else, or because it was not labeled at all. We found 18 such omissions, two of which are 
illustrated in Figure C-4. 
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(a) inlet at roadside 

 
(b) inlet in middle of road 

Figure C-4: Examples of square sewer inlets that were not labeled as such 

• Imprecisions 
One gross imprecision (>40cm from actual sewer inlet) was found (see Figure C-5). The supposed 
ground truth is situated about 52 cm from the actual inlet. The red line indicates where the road lies 
according to the cadaster and shows that the orthophoto is correctly georeferenced. 

  
Figure C-5: Erroneous ground truth, causing the classification to remain unmatched 

C.2.2 UAV flight 
The flight was executed on a day with overcast skies, in order to achieve images with the highest 
amount of detail. A nearby park, Liebefeld, served as base station for take-off and landing, as well as 
flight monitoring (see Figure C-6). There was a slight wind during the flight, which caused some of 
the images to be blurry, but this was not critical because there was sufficient redundancy in the 
images. 

 
Figure C-6: Visualization of flight in Köniz (© Google Earth) 

The flight plan was designed to maximize ground exposure and image quality. A grid-like structure 
was adopted at an elevation of 87 meters above take-off (ATO). This guaranteed a margin of about 
30-meter from the tallest bodies (a building and crane). All flight and camera settings are listed in 
Table C-3.  
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Table C-3: Flight and camera settings for Köniz case study 

Flight parameters Value 

Flight structure Grid, constant elevation 

Flight height 87 m above take-off 

Number of pictures 407 

GSD 2.7 cm 

Camera pitch 7° 

Frontal overlap 65% 

Lateral overlap 65% 

Flight duration 39 minutes 

 

C.2.3 Orthophoto generation 

Georeferencing 
The DSM was georeferenced to ground control points from the cadaster data. Initially, we tried to 
use planimetric control points from the cadastral surveying system, but these were unfortunately 
not visible in the orthophotos. For this reason, visible structures in the road and sidewalks who’s 
coordinates could be read in the land use cadaster were as control points. According to federal 
regulations (Technische  Verordnung Des VBS Über Die Amtliche Vermessung 2008), the accuracy of 
the cadaster is around 10 cm, which is acceptable for our application. 

Processing parameters 
In Pix4D, a number of parameters can be set for the photogrammetry process (Pix4D Development 
Team 2014). Since there were no special requirements for this case study, the default settings were 
used (Table C-4).  

Table C-4: Photogrammetry process parameters in Pix4D13 

Initial processing  
Feature extraction scale 1 
Image Re-matching Yes 
Pixel matching   
Image scale ½, Multiscale 
Point density Optimal (A 3D point is computed 

for every 8 pixels of original image) 
Minimum matches 3 
Point cloud filtering  
Noise filtering radius 0 GSD 
Surface smoothing type Sharp 
Smoothing radius 0 GSD 

13 For explanations see https://support.pix4d.com/entries/27417003  
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Additional point cloud filtering 
Thanks to the good lighting conditions, there were no holes in the point cloud caused by shadows. 
Additional filtering therefore consisted in removing outliers and sharpening building edges in an 
effort to improve the orthophoto projection, as discussed in §2.3.  

Orthophoto generation 
The final point cloud was interpolated to form a triangular irregular network (TIN), onto which the 
aerial images were reprojected. The images were manually selected to improve the quality and 
exposure of the roads and absence of cars. The low flight altitude made it hard to reproject images 
accurately onto buildings in the DSM, causing large distortions to appear in the orthophoto. As long 
as the distortion did not cover the road area no action was taken, since the quality of the buildings in 
the orthophoto does not have a direct impact on the identification of sewer inlets. 

Orthophoto masking 
In order to restrict the extent of the image that needs to be searched, polygons derived from the 
vector road data mentioned in §0 were used as masks to clip the orthophoto. 

The resulting images have large areas of pixels with null value, so that the object detection algorithm 
passes through them very quickly. This increases both processing speed and correctness. 

Three different orthophoto masks were tested and compared; they are described as follows: 

• Roads from OpenStreetMap 
First, we investigate how well OpenStreetMap (OSM) can be used for clipping roads. The advantage 
of OSM is that the data is widely available, with a universal layer naming system , and is regularly 
updated (“Highways - OpenStreetMap Wiki” 2014). However, the geometric quality of OSM roads is 
significantly poorer than for cadasters, blatant errors exist, and the information is in the form of 
polylines and not polygons – meaning that no road width information is available. 

By overlaying the OSM data on the orthophoto, it was determined that in this case study a buffer of 
5 meters allowed roads to be appropriately covered. 

• Roads from cadaster 
Local cadaster data is very detailed and accurate in Switzerland, as can be seen in the official act for 
surveying accuracy (Technische  Verordnung Des VBS Über Die Amtliche Vermessung 2008). This 
means that the orthophoto lines up with negligible error to the cadaster data, allowing a precise 
clipping of the orthophoto with only a 50 cm buffer. On the downside, this data has to be requested 
for each municipality individually, comes in different formats, and often is in the hands of the local 
surveying office and not the responsibility of the municipality. 

The 50 cm buffer ensures that the majority of the sewer inlets are included in the clipped image with 
some room to spare, which is important because the object identification software is not trained to 
identify objects in a window where portions of the pixels are masked out (Appendix F.4).   

• Road borders from cadaster 
Sometimes, sewer inlets are not situated on the border of the road but a few meters inward (for 
example near parking places or bus stops. In the large majority of cases, however, the sewer inlets 
are situated right on the edge of the road. For such situations, it is sufficient to clip only the side of 
the road. 
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The mask in this situation is the same as that for the whole road, but with the center of the road 
removed with a buffer of one meter. 

C.2.4 Sewer inlet identification 

Automatic classification 
The automatic sewer inlet classifier uses a cascade structure of rotated Haar-like features selected 
by gentle adaboosting. The classifier was trained on square sewer inlets from images taken in 
Adliswil at a ground sampling distance of 4cm per pixel, and hard negatives were mined over three 
iterations. The classifier is part of the methodology described in Appendix F.4, which handles all the 
tasks from training the classifier for a new object type to assessing the quality of the resulting 
classification. It consists mainly in code written in Python and using the OpenCV (Bradski 2000) and 
GDAL(Warmerdam 2008) libraries. 

C.2.5 Manual labelling 
It is also of interest to assess the cost and quality of manually labeling sewer inlets on the basis of 
the orthophoto. Both manual and assisted manual labeling (with suggestions from classifier) were 
performed within the study area. 

Simple manual labeling took place with only the orthophoto and the road cadaster as backdrop. 
Manual labeling is not restricted to the extent of the road network, and is performed in two steps: 
an initial pass and then a quality check.  

Assisted manual labeling took place with the suggestions from the classifier run on the orthophoto 
clipped to the cadaster road network. Both labeling sessions were performed by the same person, at 
an interval of about 10 minutes with a task in between, so as to “free” the active memory. 

C.2.6 Quality assessment 
After running the classifier, the results are compared with the ground truth data. The criterion for 
identification is that the classified inlet be situated less than 40 cm from the ground truth. The 40-cm 
margin accounts for errors in classification and especially in the ground truth. The following terms 
are used to describe the overall classification quality: 

 Misses: The number of sewer inlets that were not identified. 
 Hits: The number of sewer inlets that were correctly identified. 
 False alerts: The number of classified objects that do not correspond to any actual sewer inlet. 
 Detection rate: The ratio of correctly detected objects to total number of object within the study 

area. The detection rate communicates the quantity of objects that were missed by the 
classifier. 

 Relative detection rate: Same as the detection rate, but only sewer inlets in the orthophoto that 
are recognizable to a human – not covered or blurred - are considered as reference. 

 Correctness: The ratio of correctly detected objects to total number of detected objects. The 
correctness communicates to what extent the classifier predictions can be trusted. 
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C.3 Results 

C.3.1 Orthophoto 
The orthophoto was generated at a resolution of 4 cm/pixel, the resolution that was used to train 
the data. Clipped to the study area (see Figure C-7), it covers an area of 27 ha with a geometric 
accuracy of around 10 cm. Further details about the clipped orthophoto can be found in Table C-5. 
Because of the low flight height, buildings are not well represented and have large deformations. 
However, as long as the deformations leave the roads clear, they are irrelevant for the task of sewer 
inlet detection.  

Table C-5: Characteristics of the clipped orthophoto in Köniz 

Ground Sampling Distance (GSD) 4 cm/pixel 
Area covered 27.316 ha 
Image dimensions 15317x16251 pixels 
Estimated planimetric accuracy 10-20 cm 
File size 712 MB 
 

 
Figure C-7: Snapshot of the final orthomosaic, clipped to the study area 

 

C.3.2 Comparison between automatic and manual labeling 
The results showed that manual labeling is substantially better than automatic classification (Table 
C-6), but it comes at a high processing time: 20 minutes for manual labeling instead of 7 seconds for 

~612 m 
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the automatic classifier. Assisted manual labeling achieved the highest performance of 90 correctly 
identified sewer inlets, with the same processing time as simple manual labeling. The corresponding 
detection rate of 74.4% gives an idea of the potential of sewer inlet identification via orthophotos in 
practice. It should be kept in mind that this figure is specific to the location, the flight circumstances, 
the image processing method, and the object type. 

Table C-6: Performance and effort for manual labeling methods 

Method Hits Misses False 
alerts 

Detection Rate 
(relative) 

Correctness Time 

Automatic1 61 60 202 50.4% (67.8%) 23.2% ~7 seconds 
Manual 85 36 0 70.2% 100% 20 minutes 33 

seconds 
Assisted 
manual 

90 31 0 74.4% 100% 20 minutes 37 
seconds 

1 Automatic classification using three neighbors and road network from cadaster 
 

In this case study, computer assistance improved manual detection rate by 5.5%. The computer 
assistance aided the manual classification in two ways: 

 Identification of sewer inlets on small side streets that can be overlooked by a human 

Identification of partially concealed sewer inlets under trees (Figure C-8) 

 
Figure C-8: Example of a sewer inlet under a tree that was correctly identified by the classifier 

C.3.3 Influence of raster clipping 
In Table C-7, the classification results for different extents of the orthophoto are presented. For this 
comparison, a variant of the triple boosted classifier was used and three neighbors were required for 
an object to be considered as a sewer inlet. 

We learn that the use of OpenStreetMap data instead of cadaster data does not greatly reduce the 
detection rate, but greatly reduces the correctness of the results. We also see that the inclusion of 
road centers in the classification improves the detection rate by about 8% - meaning that in this 
case, about 8% of the sewer inlets are not located near the border of the road. 

Table C-7: Performance of the cascade classifier for different selections of the orthophoto (three neighbors) 

Raster layer Misses False alerts Detection rate (relative) Correctness 
Unclipped raster 56 2921 53.7% (72.2%) 2.2 % 
Roads from OSM 76 499 37.2% (50.0%) 8.3% 
Roads from cadaster 60 202 50.4% (67.8%) 23.2% 
Road borders from cadaster 70 43 42.2% (56.7%) 54.3% 
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C.3.4 Object detection redundancy criteria 
Redundancy in the object detection process can be controlled by the number of neighbors required 
for a detected sewer inlet to be counted as such. 

The results showed that the number of neighbors is a critical parameter which influences the 
detection rate and correctness of the classifier. In this comparison, the orthophoto clipped with road 
borders was used. As shown in Figure C-9, the number of neighbors determines the balance 
between correctness and detection rate. The highest detection rate obtained for this raster extent 
was 58.7%, for one neighbor per sewer inlet.  

 
Figure C-9: Performance of the cascade classifier for different for different numbers of neighbors. The road border raster 
was used. 

C.3.5 Causes of non-detection 
Non-detection of visible sewer inlets can occur primarily if they are situated outside or on the border 
of the raster extent. Partial occlusion is another cause, as well as unordinary aspect or environment. 
Finally, image blur due to camera movement can reduce the identification rate for otherwise visible 
objects. Often, a sewer inlet is identified only once, causing it to be rejected by the neighbor criteria. 

Non-detection of sewer inlets is also caused by occlusion by vehicles, people, or vegetation. These 
objects can either be over the inlet or nearby. If they are nearby, then special attention has to be 
paid during orthophoto generation, so that only images where the sewer inlets are visible are 
selected.  

In Figure C-10 we reproduce all misses by the classifier in the situation of road borders and three 
neighbor criteria. We see that 24 of the 70 (34%) are not at all visible, and only two of those seem to 
be covered by man-made objects. That corresponds to only 1.6% of all square sewer inlets in the 
area. 

                     

 

                 

  
Visible: 38 (31%) Partially visible: 8 (7%) Not visible: 24 (20%) 

Figure C-10: Missed sewer inlets for classifier with three neighbors 
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C.4 Conclusions 
The examples showed that detection rate and correctness could not be optimized. A reasonable 
tradeoff such as the situation with road borders and two neighbors (Figure C-9) only provides a 
detection rate of 47%, which is most probably below the quality required for direct practical 
application. 

Withstanding the weak performance of the automatic classifier in this case study, the classifier 
showed promise as a tool for assisting manual labelling. The results suggest that complimenting 
manual labeling with suggestions from the classifier can lead to non-trivial improvement of the 
detection rate. 

Generally speaking, automatic sewer inlet identification has two big advantages. First, the labeling 
method is more repeatable, since a known algorithm is applied and nothing is left to human 
judgment. Second, it is much faster than manual labeling. In this case study, automatic labeling was 
over 150 times faster than manual labeling. 

The classifier results for this case study show comparable results to the case in Adliswil, which 
indicates that sewer inlet classification may have a strong generalization potential. This means that 
the classifier may not necessarily need to be retrained for each context, which is an important 
advantage. 
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D Lucerne case study 
 

Executive summary 
Flight Location: City of Lucerne, Lucerne 

Flight Date: March 20th, 2014 

Main objective: Test object identification algorithm and collect data for ground cover 
classification. 

Key findings:  - Existing cadastral data for sewer inlets included only around 40% of 
all sewer inlets in the area we studied. 
- Sewer inlet classifier trained on images taken in overcast weather 
can detect sewer inlets in sunny weather images with similar 
accuracy.  

Main contact: Mr. Matthew Moy de Vitry 
+41 078 636 07 21 
matthew@skyplan.ch 
www.skyplan.ch  

External contacts:  Ms. Miriam Asanger 
Flight organization in Lucerne 
Project leader for urban drainage /City of Lucerne 
+41 41 208 78 51 
miriam.asanger@stadtluzern.ch 
 
Mr. Anton Miescher  
Advice for drainage planning and provision of cadaster data 
Engineer / Holinger AG 
+41 31 370 30 43 
anton.miescher@holinger.com 

ETHZ contact: Mr. Piotr Tokarczyk 
Supervised perviousness classification  
PhD Student / Institut f. Geodäsie u. Photogrammetrie - ETHZ 
+41 44 633 42 45 
piotr.tokarczyk@geod.baug.ethz.ch 

EAWAG contacts:  

 

Dr. Joao P. Leitao 
+41 58 765 6714  
joaopaulo.leitao@eawag.ch 

Dr. Joerg Rieckermann 
+41 58 765 53 97 
joerg.rieckermann@eawag.ch 
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Data: Orthophoto for sewer inlet identification:  
- 4cm/pixel, 74.9 ha 
 
Semi-orthophoto for land cover: 
- 10cm/pixel, 163 ha 
 
DSM: 
 - original, 50 cm/pixel, 163 ha 
 - filtered to fill holes, 50 cm/pixel, 163 ha 
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D.1 Description 

D.1.1 Objectives 

Background 
The city of Lucerne is renewing its urban drainage master plan (Generelles Entwässerungsplan GEP). 
The objective of the revision is to ensure that the plans and investments in drainage infrastructure 
will guarantee economic efficiency environmental sustainability and security in the future. 

A major component of the revision is the modeling of the sewer network and the simulation of 
sewer capacities during hypothetical rain events. For this purpose, it is required to know the runoff 
coefficient for each subcatchment in the sewer network. In July 2013, aerial images were captured 
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by an airplane at a resolution of 6.25 cm/pixel. Holinger AG used these images to generate a raster 
map describing the local ground perviousness, using a supervised classification algorithm. 

Benefits of UAV data and alternative classification methods 
In this case study, the main objective is to test the use of UAV-based data as an alternative to 
standard orthophotos for the classification of pervious surfaces. It is hypothesized that UAV-based 
data as we present it in the main report has the following main advantages: flexibility, repeatability, 
and elevation data. UAV-based data also has its disadvantages, namely scalability and orthophoto 
quality.  

Piotr Tokarczyk, a Ph.D. student from the Chair of Photogrammetry and Remote Sensing at ETHZ, is 
applying his boosted classifier to the data collected in this case study in order to map ground cover. 

Sewer inlet identification 
A secondary objective of this case study was the evaluation of the performance of our sewer inlet 
identification algorithm. After the study was launched, however, it turned out that the quality of the 
cadastral sewer inlet data set was sub-par and could not be used as a reference.  

We therefore use our identification technique to assess the quality of the cadastral data and 
formulate practical suggestions for improving the city’s data. 

D.1.2 Location 
For the intent of the case study, the following criteria for the choice of a test zone had to be fulfilled: 

- The zone should be of urban or suburban type. 
- The zone should have a sufficient number of sewer inlets for detection (>100). 
- The cadaster in the zone should be of sufficient quality to act as ground truth. 
- The zone should completely contain a sewer catchment. 

Thanks to the collaboration of Anton Miescher from Holinger AG, a suitable area could be found. 

Airspace 
Since the airspace above Lucerne is managed by Skyguide, we contacted the responsible person 
from their special flight office: 

Aline Struder 
OOCM, special flight officer 
+41 43 931 62 36 
specialflight@skyguide.ch 

Because we wanted a maximum flexibility for high-altitude flights (> 150 meters), we had to 
determine whether our chosen flight plans were outside of any control zones. The special flight 
office confirmed this (see light red profile within circle in Figure D-1, and so as long as we stayed 
within the indicated area, there was no need to contact them. 

City of Lucerne 
The city of Lucerne (Miriam Asanger, Tiefbauamt Stadt Lucerne) was supportive of this project. 
While there were some restrictions concerning where the flights could take place because of media 
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attention14, Ms. Asanger was very helpful for providing an official statement and for giving 
information on landing spots (see Appendix D.2.2). 

 
Figure D-1:  Flight location (red, within circle) and control zones (blue) near Lucerne 

D.1.3 UAV Platform 
The UAV used in this case study, as for others in the study, is a fully autonomous fixed-wing UAV, 
produced by senseFly SA in Switzerland. The UAV has a flight time of 30 to 40 minutes and cruises at 
a speed of 40-60 km/h at 100-300 m above ground. With a foam body and a wingspan just under 
one meter, it is lightweight and inherently safe (Figure D-2). 

 
Figure D-2: Fixed-wing “eBee” UAV from senseFly SA 

The eBee carries a 16 MP RGB compact digital camera that is synced to the UAV autopilot. The 
images taken are the foundation for the orthophoto generation, which is described in §C.2.3. At 
typical cruise heights, the ground sampling distance is between 2.5 and 10 cm per pixel, so personal 
privacy is not infringed. Depending on the flight height and other parameters, areas of over one 
square kilometer can be covered. 

In Switzerland, the eBee UAV falls into the category of lightly regulated aircraft, similar to 
recreational model aircraft. Apart from restrictions pertaining to airports, military zones, and mass 
gatherings, the UAV can be operated without a permit. However, permission must be requested if 
line-of-sight flight cannot be guaranteed. 

14 see http://www.20min.ch/schweiz/zentralschweiz/story/-Drohne-fotografierte-mich-im-Pyjama--24400681 
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D.1.4 Software tools 
For processing the raw image data into interpretable information, commercial, free and open source 
software was utilized. We mention here the most important tools that were used. 

Bundle block adjustment, point cloud generation, and orthophoto creation were performed using 
Pix4D (Strecha et al. 2011), the leading software for UAV photogrammetry. To improve the quality of 
the point cloud, filtering strategies developed in §2.3 were applied. For this, the open-source 
software CloudCompare (Girardeau-Montaut 2011) was used. Various GIS operations such as 
polygon editing, raster clipping, and visualization were performed in the open-source software 
Quantum GIS(QGIS Development Team 2014), which is based among others on GDAL (Warmerdam 
2008), a code library that was used for image classification as well. The open-source library OpenCV 
(Bradski 2000) provided the tools required for image processing and for object identification. In-
house algorithms and OpenCV implementation was written in Python (Sanner 1999) 

D.2 Methodology 

D.2.1 Underlying dataset 

Road network 
The road network consists in polygons or polylines indicating where the roads are situated. Coming 
from the local cadaster, this information is quite accurate and allows the classification area to be 
restricted. 

Sewer inlets 
The assessment of sewer inlet classification quality requires a dataset in which the precise 
coordinates of the sewer inlets are listed. Unfortunately, the dataset in Lucerne contained several 
weaknesses, which were identified manually: 

 Simplifications: On steep roads, it is common that two sewer inlets be placed next to each 
other. In the database, pairs of sewer inlets were sometimes counted as one. 

 Imprecisions: The geographical accuracy of the sewer inlets was not sufficient. While most of 
the coordinates lay within a meter of their sewer inlets, errors of up to 3 meters were not 
uncommon. 

 Incompleteness: sometimes only single sewer inlets were forgotten, sometimes whole streets 
were left out. 

There was therefore no reliable ground truth available for this case study. In order to make up for 
this deficit, a pseudo ground truth was generated on the basis of the available cadastral ground 
truth, the automatically classified inlets, and manual inspection.  
Figure D-3 illustrates how this dataset was created. In a first step, assisted manual classification was 
performed with the aid of a generous automatic classification. Both manual and automatic 
classification methods are described in §3.2. In a second step, the official cadastral data was 
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consulted in order to find concealed or not-so-visible inlets. Criteria for inclusion were visual (“Does 
it kind of look like an inlet?”) and contextual (“Does it make sense that an inlet be located here?”). 

Clipped orthophoto

Does it look like a 
sewer inlet?

Assisted manual 
classification

Classifier 
suggestions

yes

Could it possiblz be a 
sewer inlet?Cadaster data

Integration of 
cadastral data

yes

Pseudo-ground 
truth

 
Figure D-3: Procedure for creating the pseudo-ground truth for the Luzern case study 

D.2.2 UAV flight 

Flight plans 
Three flights were planned and performed with the parameters indicated in Table D-1. Their extents 
are given in Figure D-4. 

 
Figure D-4: Extents of flights in Luzern. © Google Earth 

Table D-1: Parameters for the three flights of the Lucerne case study 

Parameters for flight Luz 1  
Flight structure Lines, adapted to terrain 
Flight height 114 m above ground 
GSD 3.5 cm 
Camera pitch 4° 

1 

2 

3 
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Frontal overlap 70% 
Lateral overlap 70% 
Area 36 ha 
Duration 21 minutes 
Parameters for flight Luz 2  
Flight structure Lines, adapted to terrain 
Flight height 276 m above ground 
GSD 8.5 cm 
Camera pitch 4° 
Frontal overlap 80% 
Lateral overlap 80% 
Area 80 ha 
Duration 27 minutes 
Parameters for flight Luz 3  
Flight structure Grid, constant elevation 
Flight height 100 m above take-off 
GSD 3.1 cm 
Camera pitch 7° 
Frontal overlap 65% 
Lateral overlap 70% 
Area 15.5 ha 
Duration 17.3 minutes 
 

 
Figure D-5: Potential landing locations in Lucerne. © Google Earth 

Landing location 
The landing possibilities (Figure D-5) are a critical factor in the choice of a flight location. Four 
locations were initially proposed, of which #2 was on private property and #1 was too small. #4 
proved to be the best, having a hill nearby from which the drone could be observed during the 
flights. This was important because the maximum distance the drone reached from base was around 
1.2 km. 
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D.2.3 On-field actions 

Marking reference points 
A total of 6 reference points were marked over the whole zone. The points (triangulation points) 
were identified on the field, which required more time than if the points had been identified 
beforehand using cadaster information. At the time it was unknown to us that all surveying points 
are publicly available in the Web GIS of the city of Lucerne. 

Water runoff experiments 
An additional piece of information that we would have liked to collect is the real path of water on 
the ground. For this purpose, a ~40-Liter jug of water was brought along. And pour out in three 
locations in the flight zone. Unfortunately, it was a hot, dry day and the markings had practically 
evaporated by the time we had flown. Only one of the marks was partially visible in one of the 
orthophotos, which was not sufficient for drawing any conclusions. 

D.2.4 Flights 
The flights were conducted as planned. The weather was clear and warm, and visibility was high. No 
complications arose with the police or anyone else. 

D.2.5 DSM and orthophoto generation 
Of the three flights, only two were used to generate the data for this case study: 

- For land cover classification: 
o A 50-cm resolution DSM and NDSM of the whole area (using images from flight 2) 
o A 10-cm resolution RGB orthophoto of the whole area (using images from flight 2), 

manually edited to remove artifacts from buildings. Consequently, large portions of 
the map have a planar and not an orthographic projection. 

- For sewer inlet identification: 
o A 4-cm resolution RGB orthophoto (using images from flight 1) 

The third flight, Luz 3, was not suitable for the sewer inlet identification because of the large amount 
of road work in the area. It is retained for future studies. 

Georeferencing 
Georeferencing was performed with 9 surveying points whose coordinates are publicly available in 
the Web GIS of the city of Lucerne. (http://www.geo.lu.ch/map/grundbuchplan/) 

Processing parameters 
In Pix4D, a number of parameters can be set for the photogrammetry process (Pix4D Development 
Team 2014). Since there were no special requirements for this case study, the default settings were 
used (Table D-2).  

Table D-2: Photogrammetry process parameters in Pix4D for the Lucerne case study15 

 Luz 1 Luz 2 
Initial processing   

15 For explanations see https://support.pix4d.com/entries/27417003  
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Feature extraction scale 1 1 
Image Re-matching Yes Yes 
Pixel matching    
Image scale ½, Multiscale ½, Multiscale 
Point density Optimal (A 3D point is computed 

for every 8 pixels of original 
image) 

Optimal (A 3D point is 
computed for every 8 pixels of 
original image) 

Minimum matches 3 3 
Point cloud filtering   
Noise filtering radius 14 GSD 10 GSD 
Surface smoothing type Sharp Sharp 
Smoothing radius 20 GSD 10 GSD 
 

DSM & NDSM for land cover classification 
The DSMs needed for land cover classification serve two purposes, and do not have the same 
requirements as for water runoff modeling. First, they will be used as a basis for reprojecting the 
aerial images as a orthophoto. Second, the NDSM is used in the classification itself. 

Contrarily to the situation of runoff modeling, vegetation and cars should be represented in the 
DSM, since they offer information on that can be useful for the classification. It is also of importance 
that holes/shadows in the point cloud be filled appropriately, so they are not automatically 
interpolated (for example near the sides of buildings). The following procedures were used to filter 
the point point cloud from flight Luz 2 (methods slightly adjusted from §2.3): 

 Preparations 
o Maximum point filtering on a 20-cm grid 
o Minimum point filtering on a 50-cm grid 

 Object removal (operations on minimum point cloud) 
o Measure distance between the two clouds, and apply to a scalar field in the minimum 

point field. 
o Extraction of points from minimum field, whose distance from maximum does not 

exceed 7 cm. This ensures that the points that are kept are not in a zone with a lot of 
ambiguity, especially at boundaries between objects and ground, like on the sides of 
buildings.  

o Removal of outliers using a statistical method (k30, std0.5): see Point Cloud Library (PCL) 
for details. At this point, ground is distinctly separated from objects. 

o Segmentation of the point cloud at octree level 10. Only the ground is retained after this 
step. 

 Hole removal 
o Further removal of outliers 
o Triangulation and resampling of the resulting cloud in order to fill all holes. This fills 

holes caused by shadows but also holes where buildings and objects used to stand. The 
result is a digital terrain model with a resolution of 0.5 meters. 

o Object isolation (maximum point cloud) 
o Removal of outliers using the PCL SOR method : k30 and std0.5 
o Removal of ground by measuring the distance to the DTM and removing points below a 

certain threshold.  
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 Object re-introduction. Since we want to represent the objects in the DSM for classification, we 
need to reintroduce the removed objects onto the DTM.  

o Merge the two point clouds (Max and DTM). At this point we have a model where both 
DTM and DSM are superimposed. The lowermost points must therefore be removed. 

o Extraction of uppermost points every 0.5 meters. This removes most of the DTM points 
located below the DSM, but not all. 

o Outlier removal using PCL SOR. K20 and std1 
 nDSM computation: 

o Computation of the cloud-cloud distance between DTM and final DSM. The distances are 
written to the DSM point cloud as a scalar value. 

o Replacement of the Z coordinate for each point of the DSM with the scalar value 
calculated in the previous step. The new point cloud directly gives the height of objects 
above ground. 

Orthophoto generation 

• 4cm-resolution orthophoto 
The 4-cm resolution orthophoto was generated fully automatically, without any manual touch-up. 
Artifacts in buildings and trees, while present, did not hinder the objectives of this part of the study 
which were to identify sewer inlets on the road. 

• 10-cm resolution semi-orthophoto 
The 10-cm semi-orthophoto was generated using the above described DSM, with the hope that the 
high DSM quality would result in a reliable orthographic projection. Unfortunately, there were still 
many artifacts that made buildings and vegetation look distorted. The semi-orthophoto was 
therefore edited by breaking it into portions delimited by buildings and building clusters, then 
selecting a projection (sometimes orthographic, usually planar) that was of good quality and didn’t 
have too great a deviation from nadir. 

Two imprecisions arose hereby: 

 Buildings contain a perspective component, making taller builder look larger. 
 Local distances were not preserved, meaning that the image won’t perfectly align with a 

cadaster, for example. This is why it is called a semi-orthophoto. 

Orthophoto masking 
In order to restrict the extent of the image that needs to be searched, polygons derived from the 
vector road data mentioned in §0 were used as masks to clip the orthophoto. 

The resulting images have large areas of pixels with null value, so that the object detection algorithm 
passes through them very quickly. This increases both processing speed and correctness. 

Two different orthophoto masks were tested and compared on the 4-cm orthophoto; they are 
described as follows: 

• Roads from cadaster 
Local cadaster data is very detailed and accurate in Switzerland, as can be seen in the official act for 
surveying accuracy (Technische  Verordnung Des VBS Über Die Amtliche Vermessung 2008). This 
means that the orthophoto lines up with negligible error to the cadaster data, allowing a precise 
clipping of the orthophoto with only a 50 cm buffer. On the downside, this data has to be requested 

 Appendix D 73 



Lucerne case study   

for each municipality individually, comes in different formats, and often is in the hands of the local 
surveying office and not the responsibility of the municipality. 

The 50 cm buffer ensures that the majority of the sewer inlets are included in the clipped image with 
some room to spare, which is important because the object identification software is not trained to 
identify objects in a window where portions of the pixels are masked out.   

• Road borders from cadaster 
Sometimes, sewer inlets are not situated on the border of the road but a few meters inward (for 
example near parking places or bus stops. In the large majority of cases, however, the sewer inlets 
are situated right on the edge of the road. For such situations, it is sufficient to clip only the side of 
the road. 

The mask in this situation is the same as that described above, but with the center of the road 
removed with a buffer of one meter. 

D.2.6 Land cover classification 
Automatic land cover /perviousness classification on the basis of aerial images is common practice in 
the remote sensing community, so we teamed up with the chair of photogrammetry and remote 
sensing so that experts could take over this part of the task. Piotr Tokarcyk is writing his PhD in the 
area of supervised image classification and will be including this case study as part of his thesis. He is 
on track to deliver results by September 2014. 

D.2.7 Sewer inlet identification 
The automatic sewer inlet classifier uses a cascade structure of rotated Haar-like features selected 
by gentle AdaBoost, a strategy typically used for face recognition. The classifier was trained on 
square sewer inlets from images taken in Adliswil at a ground sampling distance of 4cm per pixel, 
and hard negatives were mined over three iterations. The classifier is part of the methodology 
described in Appendix F.4, which handles all the tasks from training the classifier for a new object 
type to assessing the quality of the resulting classification. It consists mainly in code written in 
Python and using the OpenCV (Bradski 2000) and GDAL(Warmerdam 2008) libraries. 

D.2.8 Manual labelling 
It is also of interest to assess the cost and quality of manually labeling sewer inlets on the basis of 
the orthophoto. In this case study, only assisted manual labeling (with suggestions from classifier) 
were performed. Assisted manual labeling took place with the suggestions from the classifier run on 
the orthophoto clipped to the cadaster road network. The search is not restricted to the extent of 
the road network, and is performed in two steps: an initial pass and then a quality check.  

D.2.9 Quality assessment 
After classifying the image, the results are compared with the ground truth data. The criterion for 
identification is that the classified inlet be situated less than 40 cm from the ground truth. The 40-cm 
margin accounts for errors in classification and especially in the ground truth. The following terms 
are used to describe the overall classification quality: 

 Misses: The number of sewer inlets that were not identified. 
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 Hits: The number of sewer inlets that were correctly identified. 
 False alerts: The number of classified objects that do not correspond to any actual sewer inlet. 
 Detection rate: The ratio of correctly detected objects to total number of object within the study 

area. The detection rate communicates the quantity of objects that were missed by the 
classifier. 

 Relative detection rate: Same as the detection rate, but only sewer inlets in the orthophoto that 
are recognizable to a human – not covered or blurred - are considered as reference. 

 Correctness: The ratio of correctly detected objects to total number of detected objects. The 
correctness communicates to what extent the classifier predictions can be trusted. 

D.3 Results 

D.3.1 Data 

Digital Surface Models 
While the filtering methods seemed to perform fairly well, two main types of errors were still to be 
found in the resulting filtered DSM: 

 Buildings were not removed in the DTM 100% of the time. Low buildings, building with ramps, 
and building built into the hill are subject to this problem: being close to the ground, they are 
not identified as an independent entity during point cloud segmentation. The result is that they 
are not represented in the NDSM. 

 Buildings contain holes in which the DTM shows. If the maximum point cloud is too sparse on 
the building roofs, holes form/expand and are then filled by the DTM during the combination of 
ground and objects. A possible solution would be to fit a surface to the objects, and then 
resample them in order ensure that they have a sufficient point density. A difficulty with this 
method is that unless each object is individually meshed, unreliable points will be created 
between the objects and take precedence over the actual DTM. 

Orthophotos 
Two images were generated in this case study – the first at a high resolution but using fully 
automatic methods, for sewer inlet identification, and the second for aesthetic and classification 
purposes, at a resolution of 10 cm per pixel. 

The 10-cm semi-orthophoto that was manually improved to avoid artifacts showed some stitching 
errors upon close investigation. It should not be used for distance measurement. Both images have 
strong shadows (Figure D-6). 
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Figure D-6: The Lucerne images have strong shadows 

D.3.2 Sewer inlet identification 
The results of the sewer inlet identification are presented in Table D-3. We see that in this situation, 
the purely automatic classification #3 provides better results than what the original data provides in 
a matter of seconds. We also see that the relative detection rate achieved in this case study is similar 
to that obtained in Adliswil, where we trained the classifier. 

Table D-3: Performance of different classification methods in the Lucerne case study. 

D.3.3 Quality of current cadastral data in Lucerne 
In §D.2.1 we saw that the existing cadaster had three weaknesses. Thanks to the data in Table D-3, 
we can say that the official data currently has a correctness of around 50%, and a detection rate of 
40%. 

D.3.4 Ground cover classification 
Initial results are very promising despite strong shadows, with an overall accuracy of up to 95% for 
only 1% of the data used for training. 

# Method Hits Misses False 
alerts 

Detection rate 
(relative) 

Correctness Time 

1 Automatic, one neighbor 
(roads) 

138 30 2028 82.1% (86.8%) 6.4% Seconds 

2 Automatic, three 
neighbors (roads) 

90 78 196 53.6% (56.3%) 31.5% Seconds 

3 Automatic, three 
neighbors (road borders) 

83 85 31 48.4% (51.9%) 72.8% Seconds 

4 Assisted Manual 159 9 1 94.6% 99.4% 24 
minutes 

5 Cadastral data 66 102 64 39.3% 50.8% - 
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D.4 Conclusions 
Two main insights were gained through this case study: 

 Existing cadastral data for sewer inlets included only around 40% of all sewer inlets in the area 
we studied. 

 The sewer inlet classifier trained on images taken in overcast weather can detect sewer inlets in 
images with shadows with similar accuracy to a situation without shadows. 

The quality of the sewer inlet database in Luzern could be important for operations such as 
maintenance and sewer network modelling. However, in situ sewer inlet localization with hand-held 
GNSS is an expensive approach. Depending on the quality needed, one could envision the following 
alternative approaches: 

 Sewer inlet localization during regular sewer maintenance campaigns. 
 Sewer inlet localization using aerial images collected in 2013. The automatic classifier could be 

applied to aid manual labeling. The only shortcoming is the strong presence of vegetation, since 
the images were captured in the summer. 

 Sewer inlet localization with drone images, which could be captured when trees lack vegetation. 
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E Additions to Part 2 
 

E.1 Metric aggregation 

E.1.1 Methodology 
It is often hard to distinguish trends with so many metrics to consider. The following aggregated 
values are suggested on the basis of hydraulic significance of the different metrics. It is recognized 
that the weighting parameters chosen can have a significant influence on observed trends, so the 
results should be treated with care. 

The metrics were first grouped according to type, as shown in Table E-1. Weights were then assigned 
in order to form three metrics: 

- Systematic errors:  
ABS(0.7*road_open_mean + 0.3*grass_open_mean) 

- Absolute errors:  
0.7*road_open_rmse + 0.3*grass_open_rmse 

- Relative errors:  
0.2*curb_rep + 0.05*aspect_rmse + 0.25*flowpath_mean + 
0.5*(0.3bach + 0.1*geb + 0.2walls + 0.05*trees + 0.35licht) 

Table E-1: Grouping of metrics for DSM assessment 

Quantitative Qualitative 

Absolute Relative Relative 

Mean error RMSE Mean error RMSE % Grades the representation of: 

- Road Open 
- Road 

Obstructed 
- Grass Open 
- Grass 

Obstructed 

- Height 
difference 
above and 
below sidewalk 
(curb) 

- Terrain aspect 
- Flowpath 

Modelled 
Curb < 2cm 

- Forest floor (bach) 
- Building sides (geb) 
- Walls 
- Trees 
- Openings between objects 

(licht) 
 

 

Another aggregation method that could have been pursued is that of principle component analysis 
(PCA), which is a data-driven approach to finding significant linear combinations of dimensions in a 
feature space (Jolliffe 2002). 
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E.1.2 Results 

Overall comparison 

 
Figure E-1: Aggregate errors for all samples.  (The metrics are computed using the normalization described on page 8; 
lower values are better for overland flow, even if they are negative.) 

Figure E-1 shows that the sample s04 is one of the best performers except in terms of systematic 
errors. The sample s04 used a realistic flight plan (145 m above gound, frontal overlap of 70%), 
which could easily be implemented on a wide scale. This sample will therefore be used for 
comparison with swisstopo data. 

Frontal versus lateral overlap 

 
Figure E-2: Experiment A: Aggregate metrics 
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The influence of pitch on DSM quality 

 
Figure E-3: Experiment B 

 
Figure E-4: Experiment C 

Influence of flight elevation 

 
Figure E-5: Experiment D 
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Figure E-6: Error vs flight height for all samples except s08, s15, and s16 

The influence of overlap 

 
Figure E-7: Frontal overlap 

 
Figure E-8: Lateral overlap 
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Sun 

 
Figure E-9: The effect of sun 

E.2 UPDSM postprocessing 
In the following figures, the UPDSM filtering procedures for removing objects and filling holes are 
presented. The whole process for generating a suitable could for orthophotos and classification 
(filled holes, with objects) is presented in Figure E-14, and all sub-processes are shown in Figure E-10 
(DTM extraction), Figure E-11 (hole filling), Figure E-12 (object segmentation), and Figure E-13 
(object combination). 
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Figure E-10: Process for DTM extraction 
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Figure E-11: Hole filling 
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Figure E-12: Object removal 
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Figure E-13: Combination of terrain and objects 
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Figure E-14: Overall process for hole filling 

 

 

84 Appendix E 



 

F Additions to Part 3 
 

F.1 Description of variations among sewer inlets 

F.1.1 Sewer inlet type 
There are many different types of sewer inlets used, varying in size, shape, and structure. In order to 
account for these variations, visually similar sewer inlets should be grouped and each group 
identified with a corresponding classifier. To illustrate diversity of inlets, a non-exhaustive list of 
sewer inlets produced by BGS AG is shown in Figure F-1. 

F.1.2 Sunlight/shadows 
The effect of direct sunlight in the images has two principal consequences: first, sewer inlets situated 
in the sun are more visually distinctive because the openings create a strong contrast. Second, the 
sewer inlets situated in the shadows suffer a low signal-to-noise ratio because of the high overall 
contrast. A rarer situation is that of a sewer inlet being situated partly in the shade and partly in the 
sun. Because of these effects, it is advantageous to use images taken either during full cloud cover or 
when the sun does not cast any shadows on the road. 

F.1.3 Location on road 
Sewer inlets are generally situated on the side of the road, with one edge practically against the 
curb. Of course there are exceptions, and for most round sewer inlets, the exception is rather a rule. 
The fact that sewer inlets are almost always near the edge of the road is an important piece of 
information because it allows us to make a pre-selection of the image, both reducing computation 
time and the risk of false alerts. 

F.1.4 Obstructing objects 
Being on the side of the road, sewer inlets are prone to being covered by parked cars and other 
objects. Trees are also an issue. This is a pitfall that will never fully be solved by the sole use of aerial 
images. 

F.1.5 Surrounding terrain 
While the ground cover on either side of the sewer inlet is generally a paved surface, there are other 
possibilities such grass, cobble stone, dirt, or shrubs. However, all these terrains are relatively 
homogenous at a sewer inlet-scale. Exceptions include places where road work has occurred or 
where there is paint on the ground. 
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Einlaufrost FIGUR 621: 230-870 mm 

 
Strassenrost FIGUR 630: 660 mm 

 
Strassenrost FIGUR 635: 450-870 mm 

 
 Strassenrost FIGUR 635Q: 690 mm 

 

 
Strassenrost FIGUR 610: 520/370mm 

 
 Strassenrost FIGUR 620: 520 / 370mm 

 
Strassenrost FIGUR 640 : 550 / 420 mm 

 
Strassenrost FIGUR 660 : 550 / 400 mm 

 
Gewöbte Rost FIGUR 671 : 500 / 500 mm 

 
Strassenrost FIGUR 680 : 550 / 410 mm 

 
Flacher Rost FIGUR 510 : 540 /440 mm 
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Figure F-1: Examples of sewer inlet covers produced by BGS AG (www.bgs.ch). Not to scale. 

F.2 Blob detection 
Blob detection is a simple approach to the problem of object detection which only takes into 
account the facts that sewer inlets are generally darker than their surroundings, and that they are of 
a certain size and shape. In this way, it is similar to the approach presented by Yu et al. (2014). 

The blob detection method used in this study was implemented in Python (Sanner 1999), with 
OpenCV (Bradski 2000) as the image processing library. The main steps of the classification 
procedure are: 

 Calculation of intensity from RGB image. 
 Threshold of the intensity image using either a fixed value or adaptive Gaussian thresholding in 

order to account for variations in lighting. The adaptive thresholding does not account for 
variations in lightness caused by the road surface itself. 

 Extraction of contours from the binary image. 
 Fitting of rectangles to each contour. 
 Filtering of rectangles according to size and aspect. 

The procedure followed by the blob detector is schematized in Figure F-2 . Initially, it was intended 
that hue and saturation also contribute to the thresholding, but it was observed during the initial 
development phase of the sewer inlet identification method that these bands had little predictive 
power for sewer inlets. Reasons for this are suspected to be that (i) the sewer inlets are not any 
more or less saturated than the road and (ii) the sewer inlets are generally not distinguished by a 
certain color. 
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Figure F-2: procedure for the threshold method of sewer inlet identification 

F.3 Boosting 
A classifier based on boosting has the structure of a cascade of tests, through which a sample image 
passes in order to qualify as an object of interest. Each stage of the cascade consists in a so-called 
weak classifier in which one or several features of the image are assessed. “Weak” designates the 
fact that while the classifier rejects few positives, it will accept a fair number of negatives. The 
cascade structure dramatically reduces the number of false positives, and allows negative samples to 
be discarded rapidly. 

A common feature set in object recognition is that of Haar-like features, which describe the spatial 
distribution of pixel intensities (Figure F-3). They were initially an adaptation by Viola and Jones 
(2004) of the Haar wavelet feature proposed by Papageorgiou et al. (1998), but the term now 
encompasses other improvements as well. Such an extension was that of Lienhardt and Maydt 
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(2002), who proposed features rotated by 45°. There are other feature sets as well, like local binary 
patterns (Liao et al. 2007).  

 
Figure F-3: Four examples of Haar-like features first proposed by Viola and Jones(2004) 

The Haar-like feature set provides an overwhelmingly large number of possible features. For 
example, a 24x24 image will have 160’000 possibilities. This presents a challenge both for the 
computation of the features and in the selection the few features that actually help classify objects 
correctly. 

Boosting is a procedure that selects the features that have the greatest discriminative power for 
differentiating between objects and non-objects. For this, a large number of labeled samples need to 
be provided, on which the boosting can be trained. A typical number of training images is between 
thousands and tens of thousands, with more positive than negative samples. Adaboost is a boosting 
method whose strength is to determine a wide variety of features, each of which best differentiates 
objects from non-objects (Viola and Jones 2004). 

The classifier uses a moving window to analyze the images it is given. Since the window is larger than 
the objects of interest, the objects are often identified multiple times. The redundancy criteria of the 
object identification – the number of times it has to be identified in order to be counted as an object 
– is an important parameter in the identification process. 

In our study we used the boosted classifier implementation available in the OpenCV library (Bradski 
2000) for Python. The OpenCV implementation for training the classifier includes a variety of 
features and boosting methods (“Cascade Classifier Training — OpenCV 2.4.8.0 Documentation” 
2014). We used extended Haar-like features like those presented by Lienhart and Maydt (2002) in 
order to improve rotation-independence. The parameters used for training the classifier are 
presented in Table F-1. 

Local binary patterns (LBP) were tested but not adopted, since they led to a disproportionate 
number of false alerts. This can be explained by the fact that LBP normalizes the images locally, 
making it more susceptible to detecting objects in noise.  

Table F-1: Parameters used for classifier training 

Stages  

Number of stages 20 

Minimum hit rate for each stage 99.7% 

Maximum false alarm rate for each stage 50% 

Maximum number of weak classifiers per 
stage 

30 

Weak classifiers  

Weak classifier type Decision tree 
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Maximum depth 3 

Feature type Haar-like features, extended with 45° rotated 
features 

Resolution of samples 4 cm per pixel 

Window size 24x24 pixels (96x96 cm) 

Boosting  

Boosting type Gentle AdaBoost 

Positive samples 4800 

Negative samples 3200 

 

F.4 Sewer inlet identification workflow 
In the following, we present the workflow for training and applying a classifier to very large 
orthophotos. The corresponding code was written in Python (Sanner 1999), and uses the GDAL 
(Warmerdam 2008) library for handling geodata. Except for classifier training, the steps in this 
procedure apply to both blob detection and to boosting. 

F.4.1 Training data 
The boosting procedure requires a large number of both positive and negative examples of the 
object of interest. For example, Mita et al. (2005) train a Viola Jones classifier for faces with 13’000 
positive samples and 10’000 negatives. Since a database of sewer inlet images does not yet exist to 
our knowledge, we generated 3’200 negative samples and 4’800 positive samples ourselves on the 
basis of the Adliswil orthophoto. The negative samples are images of road areas devoid of sewer 
inlets. The procedures used to generate the samples are illustrated in Figure F-4 and Figure F-5. 

 
Figure F-4: extraction procedure for negative samples 
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Figure F-5: extraction procedure for positive samples 

F.4.2 Image preparation 
Before the images are processed, we extract only the portions containing roads or road borders. This 
was done with both cadastral data and OpenStreetMap, and is explained in more detail in the Köniz 
case study (Appendix C). This step gives large portions of the orthophoto a value of zero, which 
allows the classifiers to reject these portions almost immediately. We thereby improve both 
processing speed and correctness, with the risk of cutting out some of the sewer inlets. 

F.4.3 Image analysis 
The image analysis procedure is schematically presented in Figure F-6.  

For each tile
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Figure F-6: Procedure for automatically identifying sewer inlets in large orthophotos 

First, the geographical extent and size of the image is read and stored. The image extent is then 
divided into tiles with a certain overlap, and each tile is loaded and analyzed individually. The 
locations of the discovered objects are stored in a shapefile for quality assessment. 

F.4.4 Quality assessment 
Quality assessment (Figure F-7) is an essential part of the workflow, because it allows a clear 
appreciation of the classification quality and enables improvement of the classifier through hard 
negative mining.  
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Figure F-7: Procedure for assessing classification accuracy 

Our procedure assesses the quality of a classified object on the basis of the distance between it and 
the nearest ground truth. If this distance is below a certain margin of error, the ground truth is 
considered to be a hit. Otherwise, it is a false alert. Similarly, a ground truth object that is 
unmatched is called a miss. We hereby assume that the ground truth is absolutely perfect, which in 
reality is not the case, as shown in the Köniz case study (Appendix C). In order to account for the 
geometric errors of the ground truth, the margin of error has to be increased. 

F.5 Blob detection result details 

F.5.1 Simple thresholding 
Arbitrary testing showed that it is hard to generalize simple thresholding (as applied here) for a large 
area, having tuned it for only a small area. To illustrate this statement, we propose to describe how 
commonly found variances in sewer inlet context cannot be accounted for by a single optimized 
thresholding parameter combination.  

The images for this comparison are from the Adliswil case study (Appendix B). We compare two 
sublocations of the area in the following manner: 

- Description of sublocation characteristics 
- Greedy optimization of thresholding parameters for each sublocation 
- Comparison of parameters between the two sublocations, discussion of generalization 

potential sewer identification, using those parameters 

F.5.2 First sublocation 
The first sublocation has homogenously light-colored road, with few obstructions or markings. 
Sidewalks and road do not have any dark visual structures. Because of this simplicity, all four sewer 
inlets could be detected with an optimal combination of parameters (Figure F-8). 
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Figure F-8: Parameter tuning for blob detector in first sublocation 

F.5.3 Second sublocation 
The second sublocation was characterized by partially wet roads; dark line along curbs, possibly 
caused by humidity.  

Six sewer inlets (S2.1-S2.6) were in this area, each requiring a different combination of parameters in 
order to be detected. It is as if each sewer inlet in the second sublocation has its own “spectral 
signature”. Despite the fact each sewer inlet has a specific set of parameters, there are still a large 
number of false positives (Figure F-9). This shows that blob detection is not only weak when it comes 
to generalization, but also that its prediction potential for sewer inlets is limited. 
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Figure F-9: Parameter tuning for blob detector in second sublocation 

F.5.4 Comparison of parameters 

 
Figure F-10: Normalized parameters for the recognition of sewer inlets. Sublocations 1 and 2 (S 1 and S 2.1-2.6) 
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In Figure F-10 we see that the parameters for identification of the different sewer inlets vary 
substantially. It is therefore impossible to find parameter values that result in classifying all sewer 
inlets correctly. 

F.5.5 Adaptive thresholding 
The results for adaptive thresholding were expected to be better, since it can account for a certain 
amount of variability in the image. As we will see, however, the adaptive thresholding as currently 
available is not suited for the problem on hand. 

Surprisingly, adaptive thresholding performed substantially worse in than simple thresholding in the 
second sublocation, as for four of the six sewer inlets it was not possible to find a combination of 
parameters that would allow the sewer inlet to be identified. 
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