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Abstract:



Unmanned Aerial Vehicles (UAVs) are now filling in the gaps between spaceborne and ground-based observations and enhancing the spatial resolution and temporal coverage of data acquisition. In the realm of hydrological observations, UAVs play a key role in quantitatively characterizing the surface flow, allowing for remotely accessing the water body of interest. In this paper, we propose a technology that uses a sensing platform encompassing a drone and a camera to determine the water level. The images acquired by means of the sensing platform are then analyzed using the Canny method to detect the edges of water level and of Ground Control Points (GCPs) used as reference points. The water level is then retrieved from images and compared to a benchmark value obtained by a traditional device. The method is tested at four locations in an artificial lake in central Italy. Results are encouraging, as the overall mean error between estimated and true water level values is around 0.05 m. This technology is well suited to improve hydraulic modeling and thus provides reliable support to flood mitigation strategies.
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1. Introduction


In recent years, the awareness of the importance of spatial and temporal variation of open water level has increased [1]. The knowledge of water level provides information about the variability of water bodies and thus has a key role in the monitoring and management of water resources. For instance, validation and calibration of hydraulic models [2,3] and of flood forecasting models (e.g., [4]) rely on accurate water level estimates in rivers. Water level measurements are at the basis of flood risk mitigation strategies, as the understanding of the flood inundation extent allows for the construction of a resilient environment [5,6]. Water levels are usually monitored by means of gauging stations. However, water level sensors are characterized by some drawbacks, such as, for instance, their pointwise measurements. Moreover, their accuracy can be affected by several issues, such as severe storm events and systematic errors associated with the sensors themselves [7]. Recently, substantial efforts have been directed towards the development of non-invasive technologies to monitor water level. For instance, Hut et al. [8] proved that the Wiimote device belonging with the Nintendo® Wii™ game system could be used to estimate water level values. Remote sensor-based methods such as the ENVISAT and ERS-2 satellite missions allowed the estimation of the water level of inland lakes with high precision (e.g., [9,10]). Nevertheless, spaceborne sensors are affected by limitations that restrict their ability to measure the temporal and spatial variation of the water level, such as fixed orbit configurations and coarse temporal resolution. An overview of the wide variety of existing sensors can be found in Fraden [11]. Recently, there has been increasing interest in the development of image-based technologies for determining water level values (e.g., [12]). Griesbaum et al. [13] developed a low-cost method for estimating flood elevation and inundation depth based on user-generated flood images. As a drawback, image-based systems can be affected by lighting changes, camera movement and condensation on the lens [14,15]. The spreading use of unmanned aerial vehicles (UAVs) has paved the way for the integration of drone technology and optical sensing aimed at quantitatively estimating hydraulic data such as inundated areas (e.g., [16]), surface flow measurements (e.g., [17]), and water level estimations (e.g., [12]). Drones make possible the non-invasive monitoring of water bodies and are an efficient tool in difficult-to-access environments. For instance, this is the case of mountainous rivers, where flash floods suddenly occur, dragging debris. River debris and high velocities may endanger both operators and instruments, making it impossible to monitor flash floods. In Argentina, the issue has been overcome using videos and photos shared by citizens [18]. In this paper we propose a sensing platform that couples a drone and a camera to estimate the water level of an artificial lake. Water level monitoring has a key role in lakes management, as lakes are used as reservoirs for drinking water and for hydroelectric power generation, among other purposes. A drop in a lake’s level can cause severe damage to the ecosystem and to the local economy. The cause of lake decline can be due to changing climatic forces and to poor management of the water resources [19,20,21,22]. Among the causes of dam break, we can list extreme rainfall events, which sharply increase the water level in the reservoir (e.g., [23,24]); thus, proper management of the water level in dam reservoirs is of the utmost importance.



It is worth noting that, despite the fact that the method presented in this paper has been tested at a dam lake, it could be applied to any water body, including rivers, flood inundation areas, glaciers, coasts and river estuaries. This image-based technology is well-suited to the framework of the Prediction in Ungauged Basins decade [25], as this method can be used to retrieve hydraulic data at ungauged sites [26]. The drone helps to overcome the problems associated with the use of traditional static sensors, which require costly maintenance and personnel, and thus can only be deployed in limited numbers [27]. Water level measurements can then be used to improve hydraulic modeling of rivers to support flood risk mitigation plans. Only few studies have aimed at estimating water depth from flood data acquired during the flood event itself (e.g., [28,29]), while flood-level is often retrieved using remote-sensing data in the aftermath of the event for post-event flood simulations (e.g., [30,31]).



As a complement to traditional documentation systems, the collection of hydraulic information by means of volunteers is now becoming popular [32]. Recent studies have shown the potential of approaches to estimating the flood extent and level from post-event flood images shot by volunteers (e.g., [33,34]). However, crowdsourced data is characterized by gaps in time and space due to the uneven distribution of engaged citizens [35]. Furthermore, there still remains a lack of approaches for accessing information on both the flood level and the flood extent from images shot during the event itself. In this framework, a drone-based approach makes possible to access flood level information during the flood event and provides a unique support to flood mitigation actions and to citizen observatory activities.



This paper proposes a sensing platform allowing for remote sensing the water level. The platform also enables the collection of hydraulic information in hostile situations, such as during the occurrence of a flood event or during adverse atmospheric conditions. This approach is expected to provide substantial support to the monitoring and management of water bodies. The case study where the method has been tested (i.e., a dam site) represents a pilot case study. It was chosen as it is a controlled environment where the actual water level is known with high accuracy. However, the application of the methodology presented in this paper is not limited to dam sites, conversely, the use of the drone makes the approach flexible and thus suitable to diverse environments.



The paper is organized as follows. First, the case study site is introduced and the aerial sensing platform is described. Since the image-based technique presented here requires the acquisition of ground control points (GCPs), the topographic survey is detailed together with the GCPs deployment. Then, the procedure for determining water level values from images is presented and then assessed, comparing the estimated water level values with the benchmark values. The results are discussed, together with the sources of uncertainty.




2. Materials and Methods


In this section, we detail the aerial sensing platform used in the experiments and the case study area where the survey was performed. Then, we provide details on the procedure for the airborne water level measurements.



2.1. Case Study Site and Experimental Set-Up Description


The aerial sensing platform is a HIGHONE 4HSEPRO quadrotor mounting a gimbal system and a SONY Alpha 7R, 36.4 Mpix full-frame camera oriented with its axis along the perpendicular. The gimbal compensates drone vibrations due to flight operations and wind. The lens is a 35 mm f/9; the camera focus, after being tested on a portion of the structure, was set to infinity during the survey. The test case study is the Ridracoli lake, an artificial lake generated by the homonymous dam in the Emilia Romagna Region, central Italy, Figure 1. The Ridracoli dam is characterized by a double-curvature arch-gravity structure with a maximum height of 103.5 m and a crest length of 432 m at 561 m a.s.l. The lake extends for about 5 km in two branches. The catchment area is 88.49 km2 and the maximum water volume in the retention basin equals 33.06 Mm3. The reservoir is the main drinking water supply of Emilia Romagna Region, providing from about 7.5 Mm3/month of discharge in winter up to about 12 Mm3/month in summer to a million residents, tourists and food industries [36]. The reservoir has a crucial role in reducing the pumping from underground sources and in providing water supply to the coast, which is affected by subsidence and saline ingression into aquifers.


Figure 1. The test case study area is located in the Emilia Romagna Region, Central Italy. The red circle identifies the location of the area, left panel. The experiment is performed at the Ridracoli lake, artificially created by the construction of the homonymous dam, right panel.
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2.2. Ground Control Point Acquisition


The technique presented in this paper to measure water level values encompasses the need for ground control points (GCPs). GCPs drive the procedures of orthorectification and calibration of the images and are used as reference points to retrieve the water level values. The GCPs have a squared shape with a width of 0.40 m. In two different months (i.e., August and October 2015), sixty regularly spaced GCPs were deployed in three rows on the upstream face of the dam. In this study, we used four GCPs deployed on the lower row during October 2015 using a boat, Figure 2. The hydrostatic level of the time equaled 533.65 m a.s.l.


Figure 2. Scheme of Ground Control Points (GCPs) locations on the upstream face of the dam. The red circles show the position of the four GCPs used to retrieve the water level from the images.
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The identification of GCPs is one of the major sources of uncertainty after seeding density [37]. Therefore, the acquisition of GCP coordinates plays a crucial role in the experimental set-up. The coordinates of the GCPs were acquired through a traditional technique by means of a Leica-Geosystems Total Station TS30. To this end, a pre-existing geodetic network consisting of four vertices materialized by little pillars was used. The coordinates of each GCP were estimated along the three directions. The standard deviation of each point was lower than 1 cm along each of the three directions. The mean value of all standard deviations was equal to 1.0 cm, 1.0 cm and 0.8 cm along each of the three directions, respectively. For a detailed description of the traditional topographic survey, the reader can refer to Buffi et al. [38,39]. The deployment of GCPs could represent one major pitfall of this technique, especially in areas with limited access. However, it is possible to retrieve the water level from pictures with reference either to a staff gauge or to a neighboring object, as discussed by Mazzoleni et al. [40]. Other authors have georeferenced videos and pictures shot by citizens using Ground Control Points acquired in the aftermath of the flood event (e.g., [41,42]). On the other hand, Griesbaum et al. [13] used as reference points ground control points derived from a highly accurate Terrestrial Laser Scanning point cloud. The acquired GCPs were then used as a benchmark to retrieve the water level from pictures shot during a flood event in an urban area. A methodology for addressing the need for ground control points is presented by Tauro et al. [17].




2.3. Image Processing Description


The images were shot at a distance of about 15 m from the dam; the Ground Sample Distance (GSD) equals 2.1 mm. The images were shot every 1.87 s, and the images overlap by more than 70%. Each image size is 7360 × 4912 pixels, with a resolution of 350 dpi. Every image is characterized by a minimum of four GCPs to allow for the orthorectification procedure [43].



After image acquisition, orthorectification was performed to eliminate distortions introduced by the angled camera and to calibrate image dimensions. The orthorectification procedure encompasses the following steps. First, control points such as GCPs are identified in the images. Control points associate an image point with a 3D world position (i.e., longitude, latitude and height acquired by the total station). Then, using bundle adjustment, the position and orientation of each image is estimated. Orthorectification is performed using the estimated positions and orientations. Digital images are processed and orthorectified by means of the Hugin software [44] to obtain a high resolution RGB ortho-mosaic. Hugin is an open, easy-to-use cross-platform panoramic imaging toolchain based on a free suite of programs and libraries (i.e., Panorama Tools; [45,46]). After orthorectification, the images are blended and projected onto a surface to provide the final mosaic [47]. Rectilinear projection is used to reconstruct the position of the camera and the geometry, assuming that the upstream face of the dam is mostly flat, so that all control points lie on a planar surface [48].




2.4. Water Level Experimental Procedure


The drone is flown above the water in the reservoir of the dam. The water level was estimated at four different locations to test the goodness of the procedure, see Figure 2. The frames used to estimate the water level values are the images shot at the upstream face, where eight free spillway gates open to allow for the overflow of the dam, Figure 3a. It is interesting to note that there is a light grey shade on the dam surface due to the preexisting water level into the reservoir, Figure 3b. Therefore, it is necessary to pay attention to the identification of the water level to be accurate. The water line can be described as the demarcation line between the water and everything else that is above water. The procedure to determine the water level value encompasses the following steps. First, to define the water demarcation line, the image pixels are categorized in four different classes (i.e., water, concrete face, white and black parts of the marker), Figure 3c. To distinguish pixels, a feature selection approach is used as also described in Marx et al. [49]. The free and open-source project Interactive Learning and Segmentation Tool Kit (Ilastik v.1.1.3; [50]) is used for pixel-wise classification. The image features are computed from the characteristics of the neighborhood of each pixel, including edge indicators as well as color and texture. The feature selection procedure aims at finding and disregarding anomalous edges, such as lines due to change in concrete color, ashlars, etc. Once the pixels have been classified, the edge detection operation is performed by means of the Canny method [51], Figure 3d. The Canny method finds edges by looking for local maxima of the gradient of the gray scale. The edge function calculates the gradient using the derivative of a Gaussian filter. This method uses two thresholds to detect strong and weak edges. By using two thresholds, the Canny method filters out the noise more than the other methods, and it can easily detect true weak edges. The minimum and maximum threshold values are equal to 0.019 and 0.047, respectively. GCP and water level edges are thus identified, Figure 3e. Then, the water level line in pixel coordinates is calibrated to real-world coordinates using, as a benchmark, the center of each one of the four GCPs. The water level retrieved from the images shot by the sensing platform is then compared with the benchmark value. The benchmark is obtained from a spring balance, which measures the weight of the water column and returns the corresponding water level of the lake. The wind speed at the time of the airborne flight generated a mild surface waviness, allowing us to also test the procedure in adverse meteorological conditions.


Figure 3. Panel (a) depicts one of the original images; (b) shows the image used to retrieve the water level value; (c) shows the results of the feature selection approach: elements are divided into four classes (i.e., water, concrete face, white and black parts of the marker); (d) shows the effect of the application of the Canny filter to categorize the image; (e) shows the extracted waterline.
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3. Results and Discussion


The measurement procedure leads to determining the distance between each GCP and the edge of the water level. Several distance measurements are performed to take into account the uncertainty affecting the water level edge detection. Indeed, the water level line cannot be sharply identified because of different sources of uncertainty. The combination of the waves and of both angle and intensity of the incoming light source (e.g., sun, clouds) creates the sharp change in pixel gray scale in an image. Gilmore [52] investigated different sources of uncertainty affecting water level estimates from images. In addition to the uncertainties associated to the local environment as the change in lighting, other sources of uncertainty are associated with the image quality, such as image focus, image resolution, perspective, and lens distortion. The images were processed as explained in Section 2.3 to eliminate distortion or perspective. Despite the high resolution of the images, there are limitations due to pixelization. Notably, the uncertainty in the water level estimates decreases as the resolution of the image increases. We used images with very high resolution; however, the effect of pixelization cannot be cut off completely.



The water level estimated at four GCPs on the upstream face of the dam by means of the aerial platform are compared with the water level reference value. The errors between the estimated water level values and the benchmark one are computed. To provide a quantitative indication of the procedure skill at estimating the water level value, we determined the mean absolute error (MAE) between observed and estimated values, the root mean squared error (RMSE) and the BIAS in percentage. The MAE provides an estimate of the overall agreement between observed and estimated water level values. It is defined as:
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(1)




where Wobs and West are water level values observed and estimated at a specific GCP, while N is the number of measurements performed using each GCP as fiducial and equals 40.



The RMSE is a non-negative metric without an upper bound. A perfect estimation of the water level value would result in the RMSE equaling zero. It is defined as:
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(2)







RMSE is estimated in squared differences, and thus it is biased in favor of high magnitude error, while it is insensitive to low magnitude ones. It is thus more sensitive to occasional large errors.



The BIAS represents the mean difference between observed and simulated values; in this paper, it is presented as a percentage:
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(3)







Estimated water level values were in line with the benchmark value, Table 1.



Table 1. Mean absolute error (MAE) between observed and estimated values, the root mean squared error (RMSE) and the BIAS in percentage are reported for each ground control point (GCP).



	
ID GCP

	
MAE

	
RMSE

	
BIAS




	
[m]

	
[m]

	
[%]






	
1

	
0.045

	
0.047

	
0.008




	
2

	
0.012

	
0.015

	
0.000




	
3

	
0.031

	
0.038

	
0.005




	
4

	
0.051

	
0.062

	
0.005










The MAE evaluates all deviations from the observed value in an equal manner, regardless of the sign. As expected, the RMSE is similar to the MAE in magnitude. The amount by which the RMSE is larger than the MAE is an indicator of the magnitude to which outliers exist in the data set [53]. The BIAS provides an indication of the extent of errors in percentage. The three estimation metrics allow us to draw encouraging conclusions on the reliability of the proposed methods. To better visualize the distribution of errors, the boxplot of errors between estimated and observed water level values at each GCP is presented in Figure 4. The central mark indicates the median, and the bottom and top edges of the box indicate the 25th and 75th percentiles, respectively. The whiskers extend to the most extreme data values that are not considered outliers. The median error ranges between −0.01 m (i.e., at GCP 2) and 0.045 m (i.e., at GCP 1), while the mean deviation from the median is of ±0.02 m for the first three GCPs. The fourth GCP is characterized by a higher deviation of around ±0.06 m. The rationale behind this result is the fact that at GCP 4, the perspective affects the measurements. This test was performed to understand the effect of the perspective on the water level measurements from the images.


Figure 4. Boxplot of errors between estimated and observed water level values at the four Ground Control Points (GCPs).
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The overall agreement of the estimated water level values is good, as the maximum error at each GCP is much lower than the sensibility of hydraulic models such as HEC-RAS (i.e., 0.20 m; [2]). This result paves the way for the use of water level estimates for calibration and validation of hydraulic models.



In agreement with the analysis performed by Gilmore et al. [52], the major sources of uncertainty are found to be the perspective and the pixelization, while the scale of the experiment allowed us to get rid of the effect of meniscuses formed by water at the contact with the background. It is worth underlining the fact that the water surface waviness can substantially affect the water level estimates, as waves ripple the water, causing a blurry water level edge. Nevertheless, results are encouraging, since the image-based method compared favorably to the traditional technique. This case study represents a pilot case. It was chosen because it is a controlled environment where we could accurately evaluate the reliability of the method. However, this approach is not limited to artificial lakes generated by the construction of a dam, but can be applied to any other water body. It is worth highlighting that we aim to apply the proposed procedure to flooded areas and to rivers to enhance flood inundation models. Indeed, results confirm that the method presented here also has the potential to be used in other scenarios, providing reliable water level estimates.




4. Conclusions


In this work, we propose a novel water level measurement concept based on the combination of an unmanned aerial vehicle and optical methods. The analysis of the images shot during the experiment demonstrates that the drone is compatible with the hydraulic measurements. A gimbal system compensates drone vibrations, ensuring the stability of the drone, and thus the quality of the images. It is worth noting that despite wind-generated waves, the water level estimates were accurate, confirming the robustness of the procedure. The main sources of uncertainty were found to be the pixelization of the images and the perspective; nevertheless, the results are encouraging and show the potential of image-based measurements. The image analysis procedure is rapid and inexpensive, as it is performed through two pieces of open-source software (i.e., Ilastik and Hugin), allowing for an accurate estimation of the water level.



The sensing platform paves the way for unsupervised rapid observations in large-scale hydrological systems. This apparatus can support flood inundation mapping, as it allows for an efficient event survey. The knowledge of the flood inundation extent and the water level values in a flooded area is crucial to support flood risk mitigation strategies. Moreover, the use of drones can be of great interest in ungauged sites, where water level values and then discharges are retrieved by means of regionalization procedures that allow for information to be transferred from a hydrologically similar river basin. Image-based procedures relying on the use of a camera are now spreading, nevertheless it is not an easy task to retrieve hydraulic information in uneasy-to-access areas. The use of a drone allows this issue to be overcome, providing accurate information. Moreover, unmanned aerial vehicles can improve crowdsourced data collection, supporting citizen observatories, lowering data uncertainty, and filling in the gap due to the irregular distribution of engaged volunteers.
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