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Abstract. Flood forecasting is particularly difficult and uncertain for small drainage basins. One reason for this is due to inadequate temporal and spatial hydrological input variables for model-based flood predictions. Incorporating additional information collected by volunteers with the help of their smartphones can
improve flood forecasting systems. Data collected in this way is often referred to
VGI data (Volunteered Geographic Information data). This paper discusses how
this information can be incorporated into a flood forecasting system to support
flood management in small drainage basins on the basis of mobile VGI data. It
therefore outlines the main functional components involved in such a VGI-based
flood forecasting platform while presenting the component for mobile data acquisition (mobile sensing) in more detail. In this context, relevant measurement
variables are first introduced and then suitable methods for recording these data
with mobile devices are described. The focus of the paper lies on discussing various methods for measuring the water level using inbuilt smartphone sensors. For
this purpose, three different image-based methods for measuring the water level
at the banks of small rivers using a mobile device and the inbuilt orientation and
camera sensors are explained in detail. It is shown that performing the measurements with the user’s help via appropriate user interaction and utilising known
structures at the measuring points results in a rather robust image-based measurement of the water level. A preliminary evaluation of the methods under ideal
conditions found that the developed measurement techniques can achieve both
an accuracy and precision of less than 1cm.
Keywords: Flood forecasting, Crowd sourcing, Mobile sensing, VGI, Water
level
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Improvement of flood forecasting in small drainage basins
through citizen participation in data collection

Floods are one of the natural hazards that directly threaten the civilian population, regularly causing extensive material damage and costing many lives. Damage as a result
of flooding has increased considerably in recent decades [1]. There is a very high probability that this trend will continue and the intensity of floods will continue to increase
[2]. This is due in particular to the increase in short-term, local flood events. In order
to reduce the harmful impact of floods and to be able to take targeted protective
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measures, disaster relief forces and the affected population must be informed early and
reliably of imminent threats through forecasting and early warning systems [3].
Hydrological and hydraulic forecasting models are used as the basis for decisionmaking for disaster relief measures. Model-based flood predictions are, however, often
uncertain and error-prone. The reasons for this include uncertainties on the model and
precipitation forecasts, as well as inadequate temporal and spatial hydrological input
variables. Predictions are especially difficult for small bodies of water since very fast
responses of the basin often occur, leaving very little warning time. There is often insufficient official data for these exceptional situations. However, extra information,
such as additional water level measurements along a river, can be used to extend these
important data sets and update the forecast models in order to reduce the uncertainties
on the forecast [4].
Such additional hydrological data can also be voluntarily recorded and provided by
citizens using the inbuilt sensors in their own devices (e.g., smartphones, tablets, etc.)
via mobile crowdsourcing and sensing [5]. Location-specific data collected in this way
is often referred to VGI data (Volunteered Geographic Information data) [6-8]. By incorporating VGI data, the amount of spatial and temporal input information for the
prediction models can be increased, reducing uncertainties and therefore improving the
predictions of flood forecasting systems. In addition, involving the population in the
process raises awareness of flood hazards and citizens can actively contribute to improving flood forecasts and reducing flood damage [9].
In this article, methods for measuring the water level using smartphone sensors (mobile sensing) are presented. It is also discussed how this information can be incorporated
into a flood forecasting system to support flood management in small drainage basins
on the basis of mobile VGI data. The article is structured as follows: after an overview
of the current status of the science and technology (Section 2), the conceptual architecture of such a VGI-based flood management platform is outlined and the functional
components involved are described (Section 3). The component for mobile data acquisition (mobile sensing) is then presented in more detail. For this purpose, relevant measurement variables are first introduced and then suitable methods for recording these
data with mobile devices are described (Section 4). Various methods for measuring the
water level using inbuilt smartphone sensors are explained in detail and evaluated (Section 5). A final summary provides on outlook on future developments within the framework of the presented platform (Section 6).

2

Current status of research and technology

2.1

Mobile crowdsourcing and VGI in disaster management

Mobile crowdsourcing refers to the use of mobile devices to collect data as well as to
coordinate volunteers involved in the data collection. The core concept is that ordinary
citizens collect and share information about themselves or the surrounding environment
using their own mobile devices. The participants contribute the data voluntarily, for
their own benefit or for the benefit of a community. No task-specific special hardware
is used, only normal mobile devices available on the mass market such as smartphones

and tablets [5]. The required data is recorded using the built-in sensors in the mobile
devices (mobile sensing). Volunteers can be proactively prompted to collect data, and
their tasks can be coordinated (mobile tasking [10, 11]). The recorded data are known
as VGI data [6] – usually geospatial measurements that are also often time-referenced.
Closely related to the notion of mobile crowdsourcing are concepts such as VGI [68], Public Participatory Geographic Information Systems (PPGIS [12]), and Participatory Sensing (PS [13]). Common to all concepts is the voluntary and collaborative nature of the data collection and data sharing process.
There are already many different crowdsourcing applications, especially in nature
conservation, environmental protection, and disaster management [5]. In disaster management, mobile crowdsourcing can be used to great effect both during and after a catastrophe [11, 14]. For example, in a catastrophe, residents and rescue and emergency
personnel can gather information about the current situation in the affected area so that
aid and rescue workers can target the most critical zones. After a natural disaster (such
as a flood, storm, or heavy rain), finding, documenting, and evaluating damage (such
as fallen trees, flooded roads and paths, fallen power masts) is an important task that
allows the limited resources to be deployed more quickly and accurately to begin cleanup and repairs. It also allows assessments of the total damage to be up-to-date and comprehensive [15].
Mobile crowdsourcing applications have already been successfully used in disaster
situations, but the accuracy and quality of the information has been of minor importance. VGI data have been used, for example, during floods [16-18], wildfires [19],
earthquakes [20], and even severe storms [21]. In the system presented in Section 3,
VGI data is utilised, among other things, to update and validate forecast models. Therefore, there is a stronger focus on the accuracy and quality of the data recorded using
mobile data collection methods.
2.2

Flow measurement and mobile sensing for flood forecasting

Hydrological data which can be used to measure the water flow are of particular importance for flood prediction. Flow measurements in hydrometry are mostly indirect
and rely on known flow cross sections and measurements of the flow speed and the
water level [22]. Approaches to automatic flow measurement from images already exist. These are based on remote sensing methods which can be used to estimate the level
of a body of water using aerial photographs [23], for example. Another example is the
use of permanently installed cameras for the image-based measurement of the water
level using markers or staff gauges [24-27]. The idea to have passers-by read off the
water level at staff gauges was also successfully tested. The reading was sent via SMS
[28] or an app [9] to a data server for evaluation.
The collection of data by mobile users does not necessarily involve manual data input, e.g., in a form, but can be automated by using the sensors already present in mobile
devices. The term “mobile sensing” has been established to describe the acquisition and
generation of data using the sensors installed in or connected to peoples’ own mobile
devices [5]. A mobile sensing application specifically for automatic image-based gauge
monitoring has been developed by [29]. However, special staff gauges are required for

robust measurements, as well as certain other factors such as sufficient brightness and
a small distance between the camera and the indicator.
The sensor-based determination of water level lines by mobile devices can be facilitated by the knowledge of the device’s exact position in 3D space. Therefore, research
in the areas of mobile augmented reality and mobile 3D tracking for position determination is also of interest. These areas of research are still relatively new, but there are
already several approaches and technologies for the image-based estimation of a device’s own position in 3D space that are more accurate than the localisation provided
by GPS signals [30]. There are currently no known existing applications that use such
technologies for VGI-based determination of hydrological data.
While there are many mobile applications for information about water levels (e.g.,
Pegel 1, Pegelstand 2, Pegel-Online 3, Pegelstände 4, Meine Pegel 5), very few mobile apps
exist that allow users to measure the water level. For example, the MAGUN research
project has developed mobile applications for the acquisition of current water levels
and also historical high water marks [31], but these are not in widespread use. The goal
of the WeSenseIt project is to design and test a complete platform for citizen-based
documentation and monitoring of water levels and floods [32-33]. Smartphones as well
as various other cost-effective sensors are used for the measurement of hydrological
data such as water levels and flow speeds in the project. Information on the robustness
and quality of the measured data is, however, not documented. The measured data is
also not intended to be directly embedded in a prediction model, i.e., the integration of
the data (or the entire process) into a concrete operational scenario – such as flood
management – is missing.

3

Conceptual architecture of a VGI-based prediction system

In this section, the conceptual architecture of VGI-based flood forecasting system is
proposed and described. This architecture is based on concepts of generic architectures
for crowdsourcing [34] and crowdtasking applications [10], and has been specifically
adapted for VGI-based flood forecasting systems. The functional components are illustrated in Figure 1. In addition to an adapted classical flood forecasting system and central flood management software, the platform includes components for mobile tasking
and mobile sensing.
3.1

Mobile tasking and mobile smartphone application

Volunteers should have the possibility to independently decide if, and in what form,
they wish to record and provide measurements. With the help of smartphone notifications, volunteers can be additionally instructed to record and send data at certain times
1https://play.google.com/store/apps/details?id=de.posts.Pegel
2https://play.google.com/store/apps/details?id=info.pegelstand.pegelstandnoebasic
3https://play.google.com/store/apps/details?id=org.cirrus.mobi.pegel
4https://play.google.com/store/apps/details?id=com.lifestream_creations.pegelmelder
5https://play.google.com/store/apps/details?id=de.hochwasserzentralen.app&hl=de

(mobile tasking). These notifications can be created and sent manually, but can also be
sent automatically when coupled with an early warning system. For example, volunteers can be automatically notified and instructed to collect data when heavy rain and
potential floods are forecast.
Hydrological data are collected via a smartphone application (mobile sensing) in the
drainage basin(s) indicated in the flood forecast. The measured data can then be sent
over the mobile network or a WLAN connection to a central server for further processing.

Fig. 1. Conceptual architecture of a VGI-based flood forecasting platform

Ideally, the measurements should be made using the integrated sensors in mobile devices. These sensors include GPS sensors for rough positioning (accuracy up to 5 – 10
meters) and tilt sensors (compass, accelerometers, magnetometers) for determining the
viewing direction of the device as well as the integrated camera used to record images.
The use of these sensors, in particular for the measurement of water levels, is explained
in more detail in Sections 4 and 5.
In addition to the ability to record and send user-generated data, the mobile application is also intended to provide users with relevant information about floods. With the
help of flood risk maps and the representation of current water levels in the area, the
user is kept informed about flood risks and the current flood situation.
3.2

Model-assisted flood forecasting system

A problem of user-generated data is that the quality and accuracy of the data can vary
considerably. Before the measured hydrological data are finally made available to the
forecast system as input variables, an automatic quality and plausibility check of the
incoming data is necessary. By means of a spatial and temporal comparison of the VGI
data sets, erroneous input data (outliers) can be identified and eliminated. Based on a
classical model-assisted prediction system, the system can subsequently supplement or
validate the underlying model using the available VGI data in order to provide an improved flood forecast.

3.3

Situation monitoring

A web-based user interface (dashboard) is used for situation monitoring. Incoming VGI
data and flood forecasts are processed and appropriately visualised to enable an effective assessment of the flood situation. Besides the map-based representations and listings of current and historical VGI measurements and photographs, the hydrographs for
the floods as well as official meteorological data such as radar images for precipitation
forecasting are also displayed.

4

Mobile sensing – relevant variables and methods

With the help of the mobile smartphone application, certain parameters can be measured and made available by the volunteers. Relevant parameters are shown in Figure 2.
The selection of parameters that should ultimately be measured results from a consideration of the additional gain provided for the hydrological prediction model versus the
technical feasibility of robust mobile measurement methods for these parameters.
The water level and the flow speed of the water at defined measuring points are
decisive inputs for the hydrological forecasting system as both parameters are relevant
for the direct measurement of the flow rate. However, a meaningful measurement of
the flow rate from smartphone measurements alone is very difficult. A rough estimate
from the mobile user of the flow rate of the body of water is possible (e.g., “flow is
very fast” or “flow is very slow”) but an indication of the speed without a physical unit
(e.g., meters per second) is not a useful input variable for the prediction system. An
image-based estimate of the flow using a smartphone camera would be conceivable
[35]. However, such an approach is quite complex and requires a fixed position from
which to record as well as ideal external recording conditions (e.g., ideal lighting conditions). Additionally, it is only possible to roughly estimate the flow speed at the water’s surface, but not the speed of currents below the surface. For the mobile measurement of the water level, however, there are several approaches. These techniques are
presented in detail in Section 5.

Fig. 2. Relevant parameters and possible measurement methods

Other relevant input parameters for the model are the current precipitation intensity and
the depth of snow. However, robust automatic measurement methods using
smartphones are difficult to implement for these parameters. Although an image-based
estimate of the current rain intensity is possible [36], the result is often erroneous. Instead, a manual estimate of the intensity of precipitation can be provided directly by the
volunteer. This rough estimate of the intensity (“no rain”, “light rain”, “heavy rain”),
combined with the location of the user as determined by the GPS signal, is helpful for
improving the localisation of strong precipitation cells.
The depth of snow can also be estimated by the volunteer. A rough knowledge of
the snow conditions with high spatial resolution facilitates an estimate of the volume of
water contained within the snow cover in the drainage basin. This estimate can be of
great benefit as an input parameter for the prediction model.
In addition to these quantitatively measurable values, photographs and short video
clips taken with the smartphone camera can be included. These recordings can be displayed on the dashboard map and aid the relief forces in assessing and documenting the
flood situation in the field. Measured water levels can be augmented with additional
images. This function can also be used to locate floods and flood damage. Volunteers
can, for example, monitor critical locations in case of a flood threat to see if a flood has
actually occurred and if so, take pictures to document and share its extent.

5

Methods for water level measurement

The main focus of the development of the mobile sensing component is the implementation of suitable methods for measuring the water level with a smartphone. Measurements of the water level are not taken at arbitrary locations, but at fixed measuring
points (e.g., bridges). There are several possible methods available to measure the water
level with a smartphone, see Figure 3. The functionality and suitability of these methods

will be described in more detail in the following section. The focus of the current discussion is the presentation and evaluation of the methods for semi-automatic imagebased measurements.

Fig. 3. Options for mobile water level measurement

5.1

Manual reading of staff gauges

In the simplest case, the water level can be measured by simply reading it from an
existing calibrated staff gauge and entering the value into the smartphone application
via a classic interface (e.g., slider or text input field). This method is quite robust. It is
independent of the smartphone sensor and is also possible under unfavourable lighting
and weather conditions. However, visible and accessible staff gauges that have been
calibrated and installed at the measuring points are a prerequisite for this method.
5.2

Fully automatic image-based water level measurement

Another option is a fully automatic image-based measurement of the water level. The
general idea is that, after taking a photograph from a more variable position, an image
analysis algorithm automatically determines the water level from the picture without
further input from the user. A prerequisite for this method is the presence of an appropriate marker. This can be an easily-visible staff gauge or other artificial marker. The
area of the marker still visible above the water line can be determined by means of
classical image or text recognition algorithms in order to determine the water line and
thus the water level. As the appearance of the markers is known in advance, the recognition algorithms can be specially trained and adapted for this particular application
using test images.
Under ideal conditions, such a fully automatic procedure facilitates high-accuracy
measurements, but the method is not always sufficiently robust and is often error-prone.
The marker is often not sufficiently visible or the water line not sufficiently pronounced
due to general light conditions (e.g., shadows or darkness) or close-by structures (e.g.,

walls with uneven surfaces). Other structures are often more prominent in the photograph and interfere with the algorithms’ recognition of the marker or water line.
5.3

Semi-automatic image-based measurement

Performing the measurements with the user’s help via appropriate user interaction (e.g.,
drawing reference points on the image) and utilising known structures at the measuring
points (e.g., a building on the river bank) results in a rather robust image-based measurement of the water level. As the measurements are made at predefined points and the
flow cross section at these points must be known in advance of the flow calculation, it
can be assumed that the dimensions of surrounding structures at these location are also
known, e.g., the height and width of a bridge railing or the height of a wall beside the
river relative to the riverbed (the zero-point of the gauge). This knowledge can be used
in the development of the measurement method. In the following subsections, three
different methods to measure the water level using the camera and orientation sensors
of a smartphone, assuming the parameters mentioned above are known, are presented.
The three variants are roughly sketched in Figure 4.

Fig. 4. Methods for semi-automatic image-based water level measurement

Variant A – Inclination. The general idea of this variant is that the inclination of the
device with respect to a predefined reference line on the opposite bank of the river and
the current water level is measured with the aid of the smartphone’s rotational sensors
(accelerometer and gyroscope). If the measurement is always preformed at a fixed
measuring point, the current water level can be determined. A requirement for the procedure is that the reference line must be parallel to the horizontal water line and in a
plane orthogonal to the water surface. Quay walls or boundary walls or railings are
usually suitable for this purpose. The measuring point should be parallel to the reference
line on the opposite side of the river. A horizontal line is overlaid in real time on the
camera image. The user first aligns this displayed line with actual reference line by
rotating the phone and confirming once both lines coincide. In the second step, the user
performs an analogous process, this time aligning the displayed line with the water line.
If the height of the reference line relative to the river bed (the zero level point) is known
along with the orthogonal distance between the measuring point and the reference line,
the water level can be calculated using trigonometry.
Variant B – Reference points. This variant also assumes that the measurement is
made from a fixed point. Additionally – analogous to variant A – a reference object or
at least two reference points with a known position relative to the measuring point must
be present on the opposite side of the river.
The position (3D coordinates) of the reference points are defined with respect to a
predefined position of the smartphone camera (camera coordinate system) at the measuring point. The camera projection matrix (an intrinsic parameter of the camera) is used
to calculate a projection of the points onto the camera image. This projection is displayed over the camera image. In calculating the projection, no rotation is taken into
account, i.e., the identity matrix is defined as a fixed orientation. The orientation sensors
are not used in this variant.
The user rotates the smartphone in the first step until the projected reference points
are directly aligned with the actual reference points in the image. In this way, the rotation matrix of the device is forced fixed to be the identity matrix (i.e., zero rotation).
From this camera position, the user then takes a high-resolution photograph. In the second step, the user indicates the water line in the photograph. This can be done, for
example, by moving two points around on the picture, which when taken together, define the water line. The water level can then be derived in a simple manner given a
knowledge of the position of the measuring point with respect to the reference points
and the river bed (zero level point) and with the requirement that the water line and the
reference points lie in the same plane.
Variant C – Correspondence points. This last variant is based on the general idea
that the measuring position can be determined if the user draws at least four points on
the image that correspond to known reference points. In contrast to the former two variants, no fixed measuring position is required for this method. The user can take a photograph from any position provided that the defined reference points are located within
the field of view of the camera. The chosen reference points must lie in the same plane
as the water line on the opposite side of the river bank, as in the previous variants.
Furthermore, it is assumed that the distances between the each of the reference points
and the zero level point (river bed) are known. Following a manual selection by the

user of the reference points in the photograph, a homographic relationship can be determined between the camera image plane P1 and the plane P2 on the opposite side of
the river in which the reference points lie. In the second step, the water line is additionally drawn on the image by the user, that is to say in the plane P1, and this line can be
projected onto P2 using the known homography. In this way, the water level can be
directly determined in the coordinate system of P2.
5.4

Evaluation

The three variants for measuring the water level were implemented in a demo application for the Android platform. With this prototype, it was possible to test the accuracy
and precision achieved by each method when measurements were taken under ideal
conditions.
To perform the measurements, reference lines or a reference object (dimensions:
150cm x 55cm) as well as a fictitious water level were defined on a vertical wall in
order to simulate an ideal measuring site on a small river. The imaginary water level
was drawn at 95cm above the ground (defined as the zero point). The water level was
measured with each of the three methods using a Galaxy S4 (GT-I9515) as a test mobile
device. For each method, the measurement was repeated 20 times. For variants A and
B, which both require a fixed measuring point, the measurements were performed at a
distance of 300cm from the reference object. For variant B, a camera height of 150cm
was also defined. For variant C, the distance between the measuring point and the reference object varied from about 200cm to 400cm, and the viewing angle varied up to
±45 degrees. The results of the test measurements are shown in Figure 5.

Fig. 5. Results of the different measurement methods

The data sets corresponding to the different measurement variants are shown in different colours. The individual data points are represented by the coloured dots and the
1σ error range about the mean for each variant is shown by the filled areas. The results
are also tabulated in Table 1.

Variant
Mean [cm]

A
102.95 ± 3.44

B1
94.47 ± 1.51

B2
94.88 ± 2.69

C
95.35 ± 0.67

Table 1. Results of the different measurement methods

It can be seen that Variant A consistently overestimates the water level. This is the most
inaccurate method, and with the largest errors, also the most imprecise. Variants B and
C determine the water level relatively accurately and the mean values of the data sets
agree with the true water level within the calculated errors. Variant C achieves the highest precision of all the tested methods with a standard deviation of less than 1cm. This
variant also allows the greatest flexibility as the measuring point is not fixed. However,
the measurements take longer to perform than with variant A or B as all four correspondence points must be input manually by the user. Variants A and B may therefore
be preferred if a quick measurement is important. It should be noted that the above
results were achieved in an ideal environment. Under real conditions, appropriate reference objects may only be available with certain limitations (e.g., the plane in which
a reference object lies may not be completely identical to the plane in the water line is
measured), introducing larger inaccuracies.

6

Conclusion and outlook

In this article, methods for measuring the water level using the sensors integrated in
smartphones (mobile sensing) have been presented. It has been described how mobile
VGI data can be incorporated into a flood forecasting system to support flood management in small drainage basins. The use of such mobile techniques for measuring the
water level or recording snow depth and precipitation intensity increases the density of
available hydrological and meteorological data and can thus improve the accuracy of
flood forecasts.
It has been shown that image-based measurement methods can be developed to determine the actual water level to within a few centimetres by using the built-in orientation and camera sensors in common mobile devices. The presented evaluation reveals
that such high accuracies can be realised under ideal conditions. The challenging task
will be to achieve equally satisfying results when transferring the presented measurement techniques into real-world environments. In real-world situations, further conditions and parameters have to be taken into account when performing measurements
using the discussed techniques. An essential premise will be finding and surveying suitable measurement locations meeting the aforementioned requirements of the measurement methods (e.g., suitable reference objects, accessible fixed measurement positions,
definable flow cross sections etc.). In addition, the identification and marking of such
reference points and measurement positions as well as the usability and user friendliness of the mobile app will be an important role for the success of the mobile sensing
methods. Only if the instructions and exact measurement procedures are clearly and

unambiguously comprehensible to all user groups can the complex measurement methods be executed successfully.
In the next steps, the feasibility of the methods will therefore be tested more intensively under real-life conditions at selected locations along small rivers. Following this,
a pilot phase involving a larger number of potential users will allow the evaluation of
the proposed flood forecasting platform along with the general feasibility and efficiency
of the VGI approach within the scope of flood management. Only after such field tests
are complete, can the accuracy and efficiency of the presented water level measurement
methods be evaluated conclusively.
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