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Abstract

:

Very little is known on high mountain tropical lakes of South America. Thus, the main motivation of this research was obtaining base bathymetric data of 119 tropical lakes of the Cajas National Park (CNP), Ecuador, that could be used in future geomorphological studies. Eleven interpolation methods were applied with the intention of selecting the best one for processing the scattered observations that were collected with a low-cost fishing echo-sounder. A split-sample (SS) test was used and repeated several times considering different proportions of available observations, selected randomly, for training of the interpolation methods and accuracy evaluation of the respective products. This accuracy was assessed through the use of empirical exceedance probability distributions of the mean absolute error (MAE). A single best interpolation method could not be identified. Instead, the study suggested six better-performing methods, including the complex methods Kriging (ordinary), minimum curvature (spline), multiquadric, and TIN with linear interpolation but also the much simpler methods natural neighbour and nearest neighbour. A sensitivity analysis (SA), considering several data error magnitudes, confirmed this. This advocated that sophisticated interpolation methods do not always produce the best products as geomorphological characteristics of the study site(s) together with observation data characteristics are likely to play important roles in their performance. As such, this type of assessment should be carried out in any terrestrial mapping of bathymetry that is based on the interpolation of scattered observations. Upon the analysis of the relative hypsometric curves of the 119 study lakes, they were classified into three average form categories: convex, concave, and mixed. The separated accuracy analysis of these three groups of lakes did not help in identifying a single best method. Finally, the interpolated bathymetries of 114 of the study lakes were incorporated into the best DEM of the study site by equalising their elevation reference systems. It is believed that the resulting enhanced DEM could be a very useful tool for a more appropriate management of these very beautiful but fragile high mountain tropical lakes.
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1. Introduction


Worldwide, mountain regions provide important ecosystem goods and services, among which water resources are perhaps the most important for a significant lowland population that depend on highland runoff for irrigation, municipal and industrial water supply, hydropower production, and environmental services provided by river flows [1,2]. This runoff dependency of lowlands is projected to increase substantially by the mid-twenty-first century even under a mild (climate) change scenario [1]. But mountains are important not only because they contribute an important amount of runoff for lowlands; they also reduce the seasonal variability of flows in these lowlands [1]. Despite their importance for sustainable development, little is still known, particularly in tropical regions [3,4], about these very productive but, at the same time, very fragile systems, that are sensitive to rapid global development and climate change [2].



This is also the case for the lakes of these tropical systems, since they have received relatively little attention [3,5,6,7], despite the fact that, for water management, lakes, in general, and the ones with large volumes in particular, can be directly regarded as being important natural water storage spots and, as such, as being important water resources [8]. As an example, in Ecuador, the Cajas National Park (CNP) is a Ramsar site and key component of the “Macizo del Cajas” (MzC) Biosphere Reserve of the United Nations Educational, Scientific and Cultural Organization (UNESCO) that has more than 5955 lakes and ponds, among which, 322 are larger than 1 ha [3]. It is estimated that Cuenca, the third largest city of the country with circa 500,000 inhabitants, obtains about 60% of its drinking water from the highland tropical lakes of the nearby CNP. Nevertheless, this very important lake district, has been, traditionally, very little studied as a result of, among other reasons [3], the very difficult meteorological and topographic conditions that affect sampling/monitoring. It is not until the current decade that several limnological analyses have taken place in the CNP [3,4,6,9,10].



This, definitively, is in contrast with the importance of lakes for hydrological and biochemical cycles [4,11], that is, for sustainable development [8,9]. Therefore, their monitoring and surveying are fundamental not only for their appropriate management and conservation but also because lakes are also key indicators of watersheds at both local and regional scales [8,12] and can be used to learn about global and climate change effects and/or adaptation [8]. Therefore, the morphology of lake basins is a very important physical characteristic that influences physical, chemical, and biological parameters of lakes [12,13,14] and, therefore, their productivity. The morphology of a lake is the result of its origin and subsequent modifications caused, for instance, by water, wind, and sediment dynamics [12,13], which define whether lakes with similar surface areas are deep or shallow. In this regard, bathymetry is a key physical characteristic of lakes upon which geomorphological analyses are normally performed; its surveying or modelling is therefore important in the scope of lake management and research [13,14].



However, commonly, little information is given in scientific literature on the methodological approaches followed to model this important topographical characteristic, particularly in studies about tropical lakes [12,15,16,17]. One of the traditional ways of modelling lake bathymetry is by interpolation of observed point clouds surveyed through the use of a sensing instrument, such as a sonar [12,17], or even through the use of a remote sensing instrument [18,19]. Nevertheless, important differences in the representation of observed surfaces produced by different interpolation methods have been highlighted not only in the scope of topography or bathymetry [20,21,22,23,24,25] but also in the context of other types of civil engineering studies where thematic surfaces are generated on the basis of observed point clouds, such as meteorology [26,27,28], soil studies [28], hydrogeology [29,30], etc. Despite this, rarely, the use of interpolation methods for deriving thematic surfaces is preceded by a sound analysis of their suitability given the purpose of the study beforehand and/or the available data set, etc.



Therefore, the general objective of this research was obtaining base bathymetric data of tropical high mountain lakes of the CNP, Ecuador, by means of suitable interpolation methods; bathymetric data were obtained that could be used in future geomorphological studies that may in turn contribute to the conservation and better ecological management of these very fragile highland tropical lakes. The specific objectives were: (i) assessing the most accurate interpolation method(s) to build up the bathymetries of the study lakes given their morphological conditions and the main characteristics (i.e., accuracy, density, and distribution) of the available observations; (ii) inspecting their hypsometric properties to evaluate potential morphological differences among the study lakes; and (iii) incorporating the bathymetries of the study lakes into the most accurate digital elevation model (DEM) of the study site with the intention of developing an enhanced tool for management purposes. Hereafter, this manuscript presents the results of an extensive bathymetric surveying and modelling of high mountain tropical lakes of southern Ecuador, which, to the best of our knowledge, is one of the very few investigations of its kind applied on these little studied tropical lake ecosystems of South America.




2. Materials and Methods


2.1. The Study Lakes


One hundred and nineteenth lakes were studied. Most of them (115) are situated in the Cajas National Park (CNP) in the south of Ecuador (Figure 1). Three lakes are situated to the south of the CNP, in the Quimsacocha volcano area, and one is in the Sangay National Park (SNP). The elevation of the CNP spans between 3150 and 4460 m above sea level (a.s.l.). The surface of the park is approximately 285 km2. Part of the CNP (about 34%) contributes to the Pacific Ocean, whilst the remaining area drains to the Atlantic Ocean system. The Pleistocene Tarqui volcanic bedrock is the main formation that includes rhyolite, andesite, tuff, pyroclastics, and ignimbrites [31]. The regional geomorphology and lakes were shaped by glacier activities until the late Pleistocene when the ice retreated around 17,000–15,000 years ago [32,33].



The main soil types at the region are non-allophanic Andosol and Histosols. Both types present dark-coloured epipedons characterised by high organic matter content, high porosity, low apparent density (400 kg m−3), and a high water retention capacity. Owing to these soil characteristics, most of the rainfall is retained in the soil and released gradually to the water courses, regulating the hydrology of these ecosystems [3]. The vegetation in 91% of the total extent of the CNP is herbaceous with a predominant presence of the genera Stipa and Calamagrostis [34]. With respect to the woody vegetation, Polylepis reticulata [35] is present above 3500 m a.s.l. and the high mountain forest (“bosque montano”) is present between 2900 and 3400 m a.s.l. The main impacts of land use and human activities on vegetation are due to tourism, fishery, grazing, and localised burning of the vegetation.



Only one lake is situated below 3500 m a.s.l.; two of them are located above 4300 m a.s.l. Most of them have maximum depths deeper than 4 m. Their surfaces, except that of one of them, are greater than 0.005 km2; four of them cover surfaces greater than 0.46 km2. Their storage volume also varies in a wide range [3].




2.2. Digital Elevation Model (DEM) of the Study Site


Since the year 2015, there have been some acceptable elevation data about the study area in the form of a DEM provided by the Ecuadorian government’s project SIGTIERRAS (www.sigtierras.gob.ec; accessed on 15 May 2023). It is the product of processing light detection and ranging (LiDAR) point clouds that were achieved for most of the continental territory of Ecuador. The spatial resolution of the DEM, which is in raster format, is 3 × 3 m2 for the Sierra region, 4 × 4 m2 for the Costa region, and 5 × 5 m2 for the Amazonian region. Its vertical accuracy is ±1.5 m for the Sierra and Costa regions and ±3.0 m for the Amazonian region.



The DEM of the study area was available as a series of segmented pieces or tiles (Figure 2a) having a size of 770 rows and 775 columns and a resolution of 3 × 3 m2. Although the DEM tiles were available directly in the same system of coordinates used in this study (i.e., UTM 17-S, WGS84), the orientation of the original segmentation axes differed slightly from the respective orthogonal orientation of the current axes, which produced few pixels of the borders having a no-data attribute. Thus, a nearest neighbour (NN) resampling (interpolation) approach [20,36] was applied to estimate their topographical attributes. Only the attribute values of the few no-data pixels were modified; the values of the other pixels remained unaltered.



All of the DEM tiles were mosaicked (Figure 2b) so that the domain of the resulting terrain model covered the extent of the CNP and all the study lakes, including lake 90 (“Laguna Chullacocha”) located far to the south of the CNP boundary (Figure 2b) in the Quimsacocha volcano area.



The congruency of the mosaicking operation was always tested by comparing the resulting mosaic product and several of the original DEM tiles. Mosaicking took place in TERRSET version 18.0 using two approaches; namely, through the use of (i) the MOSAIC command and (ii) the CONCAT command. Unfortunately, both approaches incorporated artificial changes to the topographical attribute values of many of the pixels of the original DEM tiles. Some of these changes were important. The mosaicking approach available in ARCGIS version 10.0 was very successful and no artificial changes of the original terrain attribute values happened. Therefore, the product of this mosaicking process was adopted for the rest of the study. The mosaicking operations in either TERRSET or ARCGIS, including the cross-checking of the quality of the final product, were carried out in batch mode, using appropriate TERRSET macro language (IML) and ARCGIS Python subroutines.



Finally, the mosaic product was trimmed to obtain the biggest and most complete DEM (rectangular) domain, covering all of the spatial features of interest of this study (i.e., the CNP’s extent and the study lakes’ locations) and without no-data pixels in some parts of its borders. Figure 2 depicts the rectangular polygon that defines the DEM domain that was used in this study.



This product is the best DEM of the CNP and surroundings. Nevertheless, it does not include accurate bathymetric data of the study lakes (in many cases, it includes flat or nearly flat bathymetric surfaces in the spots of the 119 study lakes), which is an aspect that does not support the appropriate management of these lakes. Therefore, this study aimed at incorporating the generated bathymetric models of these lakes into the abovementioned DEM of the study site.



Further, this DEM was not available at the moment that the bathymetric field surveying took place nor when the bathymetries of the study lakes were modelled using these field observations. Therefore, the DEM data of the surroundings of the study lakes were not available during the initial modelling of the bathymetry of the study lakes.




2.3. Bathymetric Surveying


In the surveying planning stage, the average perimeter (i.e., littoral) of every one of the surveyed lakes was digitised from aerial photos, which were orthorectified and georeferenced and have a 30 × 30 cm2 resolution (www.sigtierras.gob.ec, year: 2011, zone: CNP). The digitisation process was performed by using ARCGIS. The scale of cartographic digitalisation was 1:5000. These lake perimeters were used in this study as zero depth data (Figure 3), as well as for planning on the number of surveying transects and the spacing between them, which depended on the size of the lake being surveyed. Both the number of transects and their spacing were fixed aiming at achieving the best possible data resolution and density, even in the case of the larger study lakes. This is because prior experiences suggested that data proximity is rather important when applying interpolation methods to data clouds. Thus, for lakes with surface areas larger than 0.2 km2 the transect spacing was around 100 m; for lakes with areas between 0.1 and 0.2 km2, the spacing was around 50 m; and for lakes with areas smaller than 0.1 km2 the spacing was about 25 m. Normally, the direction of the transects runs parallel to the main longitudinal and transversal axes of the surveyed lakes, forming a grid (Figure 3). In any case, the distance between the bathymetry points did not exceed 5 m. In the shallow lakes and ponds, near their littorals where the use of a boat was not possible, measurements were taken at several points of the water body using a topographic measuring rod.



The bathymetric survey (Figure 3) was carried out in the period beginning-2014–mid-2015 with the aid of (i) an inflatable rubber boat (Navigator II, RTS, Hong Kong, China), approximately 3.5 m long, which was equipped with a propeller (2 HP, Yamaha, Japan) and (ii) an multi-echo sounder Humminbird model 1198c SI (Eufaula, AL, USA) [37] that recorded the depth to the bottom of a given surveyed lake. The echo-sounder can measure using the frequencies 83 kHz, 200 kHz, 455 kHz, or 800 kHz, depending on the chosen surveying program, in combination with either beam angles of 20°, 60°, or 86° [37]. This is a fishing echo-sounder system; it is not a specialised bathymetric instrument. Its choice depended particularly on its price as abundant financial support was never available for this study. However, indirectly, the use of a non-specialised instrument, that is relatively low-cost, was an appealing challenge that may reflect the management conditions in other high mountain locations of Ecuador and/or the South American region. Owing to the remoteness of the study area and the extreme high mountain (above 3500 m a.s.l.) weather conditions, the field work was extremely physically demanding since transportation of the equipment had to be performed mainly on foot, sometimes with the help of horses, enduring these difficult conditions for several days a week.



Because a fishing echo-sounder system was used in this study for acquiring bathymetric observations, which is not a generalised approach, and definitively less generalised by the time that the original surveying took place, and because most of the worldwide application of these systems do not report any error accuracy information, an assessment of the associated random measurement errors was carried out. Nevertheless, neither a very accurate testing set of bathymetric observations for accurately assessing on these random measurement errors and “calibrating” our instrument nor (usually very expensive) specialised instrument(s) to acquire the testing data was available. Therefore, an approximated approach to estimate these errors was implemented in five of the study lakes, namely, Llaviuco (ID = 1 in Figure 1), Toreadora (ID = 3), Larga (ID = 39), Luspa (ID = 43), and Sunincocha Grande (ID = 51). In these lakes, the engine of the boat was stopped in some spots that were selected (while sitting on the boat), using the subjective knowledge of the sonar and boat operators on the potential shape characteristics of every one of those study lakes.



Windy conditions, and consequent wave action, are frequently prevailing in the study site. Despite this issue, it was assumed that the boat remained still, “for a while”, in exactly the same spot. Some readings, from 5 to 10 (subjectively, depending on wind conditions), were then carried out. The original planning expected to collect more readings in every “fixed” location but wave action and consequent boat displacement did not enable this. This approach was applied under the assumption that for, ideally, “many” sonar readings, collected at exactly the same spot, the average value would be the “most probable” depth in that spot and the respective standard deviation would be an estimate of the random measurement error magnitude (i.e., errors can be positive or negative) in that spot.



There are some practical aspects that would affect some of the assumptions of this approach. One of them is the relatively low number of sonar readings for every visited spot that would affect the “accuracy” of the estimates of probable depth and associated random measurement error. Additional aspects are the boat shifting owing to wave action and the GPS accuracy, ranging from 1 to 5 m upon satellite availability that depends (in turn) on cloudiness. Both aspects would affect the assumption of surveying in exactly the same location; the first one because of a real boat displacement, whilst the second one because of an apparent (i.e., false) boat displacement. Despite them, it is believed that this simple approach is very appropriate in applied research projects like the current one for having at least a rough idea of the random measurement errors, particularly when there is a lack of additional, more accurate, data (or instrumentation to acquire them) for a more accurate estimation of these errors. These estimated errors were assumed overall for all the study lakes.



Given the abovementioned sources of uncertainty that can affect the sonar readings, the protocol for capturing the bathymetric data aimed at reducing them as much as feasible. Hereafter, the field surveying with the Humminbird® multi-echo sounder capable of emitting 5 pulses s−1 [37] was conducted assuming that, at a low beam angle (20°) and a frequency of 200 kHz (Dual Beam PLUS™ and High Definition Side Imaging®), the accuracy of the depth observations would be the best, with acceptable range and resolution, which is suitable for surveying relatively shallow depths. Higher errors were expected to occur for a beam angle of 60° and a frequency of 83 kHz, used particularly for deeper depths. Nevertheless, using higher frequencies (High Definition Side Imaging®) and wider beam angles, in relatively shallow depths, the accuracy was also expected to be acceptable.



Further, we placed the transducer on the side of the boat to avoid any turbulence from the boat propeller (located in the rear of the boat). With the same intention, the front of the boat was stabilised as much as feasible by the weight (ballast) of one of the operators sitting there; in this way, we hoped to minimise the effect of wave action on the pitch and roll of the boat (and transducer), and, as such, to reduce the possibility of adding more error to the measurements. Further, the two boat-and-instrument operators hardly moved while surveying at an average (constant) boat speed of about 3 m s−1.




2.4. Bathymetric Modelling


2.4.1. Splitting the Observations into Training and Evaluation Data Sets (Split-Sample Test)


The bathymetric modelling of the study lakes took place in the year 2015 after the surveying campaigns were over. The process to produce the digital bathymetric description of the surveyed lakes and the derived geomorphological products included (Figure 3): (i) writing all of the necessary subroutines for processing the information, carrying out the interpolation calculations, and analysing the quality of the interpolated products; (ii) processing the data achieved in the field so that any incongruence (duplicates, outliers, etc.) could be filtered out and implementing a protocol to avoid errors in the processing and storage of the observed data; (iii) saving the information with the right digital format for the forthcoming steps; (iv) applying the developed subroutines for the bathymetric interpolation of the sonar observations of every one of the 119 study lakes and immediate application of a low-pass Gaussian filter for smoothing the interpolation product and eliminating potential pitholes artificially generated by the interpolation methods; and (v) assessing the quality of the corresponding bathymetric products of the study lakes as a function of the tried interpolation methods. The task-specific subroutines developed for most of these processes were programmed with the high level programming language VISUAL BASIC (VB) for running within the automation environment Scripter of SURFER version 16 in combination with the Practical Extracting and Reporting Language (PERL) high level programming language and, to some extent, the MATLAB version R2019a programming environment.



The second step included the integration of the elevation (depth) data collected in the field with the data derived from the digitalisation of the orthophotos (i.e., perimeters of the lakes associated with zero depth) so that the feasible bounds of the posterior interpolation process could be defined properly. For filtering out some potential pitfalls of the data collected on the field, these lake perimeters, as well as other relevant spatial information and field annotations, were used. This filtering was implemented with the aid of the geographical information system (GIS) software ARCGIS. For the third step, some of the task-specific subroutines were used, ensuring compatibility with SURFER that was later applied for the interpolation process.



The fourth step involved using SURFER for obtaining the digital bathymetric surfaces of the surveyed lakes, considering the set of observations Zci (Figure 3). SURFER was also used to apply the low-pass Gaussian filter on the interpolated bathymetric surfaces immediately before the evaluation of the performance of the interpolation methods. Only a single pass of the filter was applied. Because the same type of bathymetric observation was used for the interpolation process and later for the evaluation of the interpolated bathymetric models, it is believed that this simple smoothing process does not bias the assessment of the performance of the interpolation methods. The fifth step consisted in finding the best interpolation algorithm for the current bathymetric data on the basis of judging the elevation (i.e., depth) accuracy of the resulting interpolation product by means of the split-sample (SS) test. Similarly to what is normally carried out in dryland topographic analyses [20], the accuracy of the interpolation products was based (Figure 3) mainly on the comparison of the elevation characteristics of a set of (field) observations (Zei), selected randomly and not used in the interpolation process, and the respective depths of the interpolation product (that is, through the consideration of model residuals).



In this study, 20% (i.e., Mi/Ji; see Figure 3) of available sonar observations were preferred for this purpose; nevertheless, the congruency of the results of the analysis was cross-checked by considering other data proportions, such as Mi/Ji = 30% and Mi/Ji = 40%. A further congruency analysis consisted in repeating the selection of the elements (i.e., sonar observations) of Zei (and Zci) and the respective quality assessment approach a couple of times. This was implemented because, owing to the random selection of the testing observations for building up Zei, for the same Mi/Ji value, different sonar observations conform to two given realisations of Zei. The results reported herein correspond to one of these realisations; in general, the congruency tests emphasised them. Data handling, including the random splitting of available observations into training (Zci) and evaluation (Zei) data sets (i.e., SS test), and the statistical assessment of the performance of the interpolation algorithms (Figure 3) were performed with task-specific subroutines programmed with PERL.




2.4.2. Interpolation Methods


In total, eleven interpolation methods (i.e., K = 11, in Figure 3) were applied on the sonar observations of the 119 study lakes, which implied preparing task-specific VB subroutines for SURFER that produced a total of 1309 bathymetric surfaces. The quality assessment of all of these bathymetric surfaces was also carried out with SURFER using task-specific VB subroutines prepared with this purpose in mind. In the forthcoming text, a target node refers to the point for which an interpolated attribute is defined based on the values of neighbouring observations (situated on grid nodes). The tested interpolation methods were the following ones [12,15,16,20,21,22,24,25,26,27,30,36,38,39,40,41,42,43,44,45]; we decided that for the objectives of this study, there was no need for testing additional interpolation methods.



The inverse distance to a power (IDW) method [15,20,22,23,24,25,26,27,28,30,39,40,43,44,45] is a weighted average interpolator, within which the influence of an observation, relative to the target node, declines with distance as a function of the considered power: the greater the weighting power, the lower the effect of farther observations on the target node. A power value of 1 was considered herein. Further, a non-zero smoothing parameter was defined. IDW uses this parameter to reduce the “bull’s-eye” appearance of the generated contours, preventing, as much as feasible, any observation close to the target node having an overwhelming (interpolation) weight. This was performed despite the fact that a thorough pre-processing approach was applied to remove potential data anomalies before applying the study interpolation methods, minimising in this way the potential presence of a “bull’s-eye” appearance. A very similar method is modified Shepard [41,42], which uses local least squares for reducing the bull’s-eye effect (when related data anomalies are present among the observations).



The natural neighbour method [22,24,27,38,44,45] considers a set of Thiessen polygons that are formed with the observations, except the target node. When it is added into the domain of polygons some of the neighbouring polygons shrink in size to accommodate the respective target node’s Thiessen polygon. The proportions of their original areas that are “borrowed” to form the newer Thiessen polygon are used as weights in a weighted average of the neighbouring observations to define the interpolated value of the target node. On the other hand, the nearest neighbour method [20,25,26,30,36,39] assigns the value of the nearest point to each target node.



The moving average method [36,38,39] assigns values to grid nodes by averaging a minimum number of neighbouring observations within the target node’s search window.



Polynomial regression [28,36,38,39,43], although not strictly an interpolator, is used to define large-scale trends and patterns in the observations with which the “predicted” surface is built. The local polynomial method [38,39,43] assigns values to target and grid nodes by using a weighted least squares fit. However, instead of fitting the polynomial to the entire data set of observations, as in the case of polynomial regression, it is fitted to a local data subset defined by a window, that in the case of SURFER is a search ellipse.



The triangular interpolation network (TIN) [16,20,21,22,23,24,28,39,40] uses the optimal Delaunay triangulation, so that no triangle edges are intersected by other triangles. Each triangle, formed by three observations, defines a plane where the potential target node is lying. Commonly, as in the current case, the TIN method is used combined with linear interpolation along the edges of the triangles. The TIN method works best when observations are evenly distributed over the interpolation domain (grid area); otherwise, the TIN results in distinct triangular patterns on the interpolated surface.



Kriging is a geostatistical gridding method that attempts capturing the essential observation’s trends while dealing with anisotropy [12,16,22,23,24,25,26,27,28,36,39,43,45,46,47]. It is known to be good for avoiding bull’s-eye type interpolation products. Ordinary Kriging was applied herein since it can still produce accurate interpolated surfaces from observations [38], despite assuming that the variation in elevation values is free of any structural component (i.e., drift). Further, Kriging can be customised to a particular set of observations by specifying an appropriate variogram model [43,46]. Since it is very flexible and it has been proven useful in many applications, it has become very popular; nevertheless, its application does not always involve a (prior) suitability analysis.



The minimum curvature method [39,40,44,48] generates a smooth, thin, and linearly elastic interpolated surface (spline), having continuous second derivatives and minimal total squared curvature, that passes as closely as possible through each of the observations.



Radial basis functions [24,27,38,43,47] are data interpolation methods (kernel “functions”) that aim at producing a smooth surface and that are analogous to variograms in the Kriging method. The multiquadric method was chosen for the current analysis; other available functions in SURFER are: inverse multiquadric, multilog, natural cubic spline, and thin plate spline ([22,24,25]). Default values were chosen for other parameters such as the shape factor.



Similarly, data metrics [38] is a collection of methods that, however, produce grids of information about the observations but, in general, not weighted average interpolations. Therefore, this SURFER gridding method was not inspected in the context of this research.




2.4.3. Assessing the Accuracy of Interpolation Methods


Model performance indexes are normally used to characterise the quality of the empirical interpolation algorithms used for representing the shape of the terrain [20]. These are generally based on residuals (resq [L]) and the difference between the q-th bathymetric observation (Ztq [L]) and the respective model prediction (Zpq [L]). Depending on the form of the model performance index, they can measure [49] either: (i) the average (model) systematic error; (ii) the average combined systematic and random error; or (iii) the correlation among Ztq and Zpq.



Hereafter, the mean absolute error (MAE) [L] defined as the average of the absolute value of residuals (|resq| [L]) was particularly used in this study as a measure of the average (systematic) error of every one of the bathymetric models. Using the absolute value of residuals avoids residuals of the opposite sign cancelling each other out and producing a false depiction of accuracy of the modelled bathymetric surface [20]. Its optimal value is zero and has also been used in past lake bathymetric assessments including satellite-based bathymetric (SDB) studies [50,51] as well as in other civil engineering interpolation studies [23,26]. This was carried out for every one of the (11) tried interpolation methods and for both the training and evaluation data sets (in the scope of a traditional split-sample (SS) test). For carrying out the assessment automatically, this involved developing appropriate subroutines in TERRSET, ARCGIS, and R, as well as programming task-specific subroutines with PERL. In general, GNUPLOT version 5.4 was used for plotting purposes.



For a given interpolation method, the respective 119 MAE values were further processed so that an empirical exceedance probability distribution was generated for the method on the basis of the following plotting position of a quantile formula:


   P m  =   m − α   n + 1 − α − β    



(1)




where Pm is the empirical exceedance probability for the position m within the data set, and α and β are the constants of the plotting position estimator. When α = 0 and β = 0, Equation (1) is the Weibull formula, which is considered to be an unbiased (empirical) exceedance probability for some distributions [52]. As such, it was preferred in this study, although alternative plotting position methods were also explored, such as Blom (α = 0.375 = β) and Gringorten (α = 0.44 = β). The quality of the bathymetric products was assessed by accounting for the differences in terms of the shape and evolution of the empirical probability distribution curves of the eleven interpolation methods: the curves that are made of lower residuals correspond to more accurate interpolation methods (given the morphological properties of the study lakes and the bathymetric data characteristics). PERL subroutines were used to carry out the plotting position analysis; further, GNUPLOT subroutines were prepared to visually examine the results of this analysis.



Once the best interpolation methods were identified through the above statistical and graphical approaches, the respective modelled bathymetric surfaces were used in the scope of the further analyses of this research.




2.4.4. Sensitivity Analysis of the Effect of the Magnitude of Random Measurement Errors on the Accuracy of the Interpolation Methods


Given that a simple approach was implemented to estimate the random measurement errors associated with the use of the sonar fishing system to collect bathymetric observations, it was decided to carry out a sensitivity analysis (SA) on the effect of the magnitude of random measurement errors on the accuracy of the products of the study interpolation methods. This was carried out with the intention of cross-checking the congruency of the evaluation of the best interpolation method(s) as a function of the random measurement errors.



Thus, random errors were added to the original bathymetric observations, considering three depth classes, namely, (i) 0.001 m to 25 m; (ii) 25 m to 50 m; and (iii) more than 50 m. The higher error magnitudes were applied on the class of deeper depths, whilst lower error magnitudes were applied on the class of shallower depths. Positive and negative errors were added to the original observations. Several error scenarios were run. In terms of the magnitude of the errors, minimum values considered in the analysis are in the order of 15 cm, whilst maximum error values in the order of 5 m were also considered.





2.5. Inspecting the Hypsometric Properties of the Study Lakes


The average form characteristics of the study lakes were evaluated through the use of hypsometric curves of all the 119 surveyed study lakes. This was performed for every one of the six interpolation methods that produced the best bathymetric products. Given the significant variability of maximum depths of the study lakes, from a few metres to several tens of metres, the hypsometric curves were constructed relative to the maximum depth of every study lake [53,54]. In this way, the vertical range of variation of every lake’s hypsometric curve is expressed as a percentage (or as a fraction) from 0% to 100% rather than in absolute length units. Further, for every study lake, the horizontal area associated to every vertical depth of the lake’s relative hypsometric curve was also expressed in relative terms with regard to the total surface area of the lake. As such, the respective range of variation also spanned from 0% to 100%. This enabled the comparison of forms of lakes of different sizes (surface area) and depths, so that potential morphological similarities (or dissimilarities) among the study lakes could be evaluated.



It must be observed that on the contrary to what is normally performed in hydrological applications that construct the hypsographic curve of a drainage basin using the horizontally projected area of the drainage basin above the elevation contour line of interest [54], in this research, the horizontal area of the lake’s basin at the depth (or elevation) of interest was considered [13,14]. That is, maximum area happens at the surface, whilst the zero area is reached at the maximum lake’s depth.



Hereafter, plotting the depth in reverse order, the 45° diagonal line that connects the 100% level of both the depth and area axes is the reference line for judging the average lake’s shape. This average form can be [13,14]: “convex” (i.e., when the relative hypsometric (RH) curve is systematically above the reference line), “concave” (i.e., when the RH curve is systematically below the reference line), or “mixed” (i.e., when the RH curve has portions of it above and below the reference line). Prior to this analysis for determining the average form of the study lakes, the sensitivity of the form of RH curves to vertical resolution was investigated.



Because interpolation methods with a similar accuracy could generate quite different spatial patterns [20,28], the accuracy of the better-performing interpolation methods, modelling the different spatial patterns that characterise the three lake forms used in this study, was also investigated by constructing the exceedance probability distributions of the three average lake forms for every one of the better-performing interpolation methods. This is a complementary accuracy assessment that was implemented to support the process for elucidating the best interpolation method for this study.



Visual basic subroutines were prepared to calculate with SURFER the hypsometric curves of all the 119 study lakes and best interpolation methods, as well as different vertical resolutions. PERL subroutines were prepared to post-process the SURFER results and automatically calculate the RH curves of the study lakes, as well as for calculating the empirical exceedance probability distributions of the interpolation methods. A MATLAB subroutine was prepared to determine the average form of every one of the study lakes. GNUPLOT subroutines were set to visually examine the results of this analysis.




2.6. Incorporating the Lake Bathymetry into the Digital Elevation Model (DEM) of the Study Site


This part of the analysis was also carried out in the preparation of complementary research dealing with the remote sensed modelling of the bathymetry of the study lakes using Landsat imagery products. Five of the one hundred and nineteen lakes were not considered in this part of the study because their surface area was rather small and, as such, could not be well described, with an acceptable number of pixels, by the rather coarse satellite imagery resolution (i.e., 35 m). Thus, 114 lakes were considered in this part of the study.



Owing to the lack of a precise and easy-to-transport topographical instrument, the bathymetry surveying of the study lakes could not be connected accurately to the surrounded topography. This connectivity was based entirely on a GIS process, which consisted in recovering from the DEM the respective elevation of the lake’s polygon (perimeter or littoral) that was used in this study as the zero-depth reference when modelling the lake’s bathymetry. A simple line-to-raster operation was applied to define a “perimeter” mask with the aid of which the elevation data from the DEM could be extracted only for the perimeter of the lake. The average elevation of this lake’s perimeter topography was then used as the elevation of the reference polygon (lake’s perimeter). For all the study lakes, the standard deviation associated to this mean perimeter elevation was relatively low, in the order of a few tens of centimetres, which stressed the confidence in the mean elevation value as being representative of the elevation of the lake’s perimeter.



Therefore, once the elevation of the reference polygon was known, the elevations of the other internal pixels of the lake’s bathymetry were also known, then the lake’s bathymetry was finally incorporated into the DEM of the study site. This process was automatically implemented for all the 114 study lakes with both TERRSET and ARCGIS GIS software to cross-check the congruency of the respective enhanced DEM product. The latter was the main congruency approach applied to all of the study lakes: the two products of the GIS software were identical.



Further, as already stated, no accurate-enough DEM data of the surroundings of the study lakes were available during the initial modelling of the study lakes. Thus, a second bathymetric modelling process took place more recently, this time considering (i) the field survey information; (ii) the zero-depth digitised perimeters of the study lakes; and, additionally, (iii) some DEM data of the surroundings of the study lakes. This newer modelling was carried out to explore on whether this newer DEM-based data set could significantly affect the interpolated bathymetry nearby the shore of the study lakes. For determining the DEM-based data that were used in this second modelling exercise, a 45 m wide buffer around the perimeter of every study lake was defined from where DEM data were sampled randomly, as was carried out within the lake perimeter. This newer data set was further processed to be expressed as “negative depths” in the context of the above-depicted interpolation process. For every study lake, the external bound of the buffer was used this time as the interpolation bound (whilst in the initial modelling exercise, this bound was the lake’s perimeter). Comparison of the bathymetric products of the first modelling exercise with the ones of the second exercise was implemented within the perimeters of the study lakes (common extent) and was carried out through simple raster map algebra, using all of the pixels within the lake’s perimeters. It was carried out with TERRSET and revealed in most of the cases almost imperceptible changes with respect to the original bathymetries, as expected, nearby the shores of the lakes. This encouraged using the original bathymetric products throughout the rest of the study.





3. Results


3.1. Bathymetric Surveying


Figure 4a shows the estimated random measurement errors obtained in 5 of the 119 study lakes, as a function of the (water) depth. Maximum random errors in the order of ±47 cm were estimated, paradoxically, not for the deeper depths but for the mid-range depths and shallower ones. For deeper depths the maximum random errors were in the order of ±33 cm. The minimum random error was of about ±15.5 cm recorded for the deeper depths. These results point to a very acceptable (overall) accuracy of the surveying sonar instrument (and approach), given that it is not a specialised instrument and that there are several different sources of data uncertainty (small and light boat, wave action, relatively low GPS accuracy, etc.) besides the quality of the sonar instrument itself that is designed and used worldwide for recreational boat navigation.



Further, Figure 4b shows the transects that were used for the surveying of one of the deepest study lakes, Luspa (surface area: 0.77 km2). The figure depicts that the field work resulted in detailed data collection networks for the study lakes, even in the case of the larger ones. This is in line with the aim of the study of collecting the highest possible amount of observations to ensure sufficient data proximity (i.e., acceptable data density).



The figure also illustrates the distribution of training (80%) and evaluation (20%) bathymetric observations that were randomly selected and used in the scope of the SS test. The figure suggests a kind of uneven spatial distribution of the observations used in the evaluation stage of the bathymetric modelling, with more observations concentrated in certain areas of the study lake than in others. This is believed to be the consequence of preserving, in the context of the random selection of the SS data sets, the order in which the observation points were acquired throughout the surveying process; otherwise the spatial distribution would be more even. It was decided to keep the data collection order in the random process to preserve some surveying decisions that were adopted in the field, given the importance of certain morphological features present in the study lakes and that were noticed once the operators were in situ. Nevertheless, it is believed that this aspect does not affect the results of this study as all the interpolation methods were exposed to exactly the same data sets in the SS test and the evaluation data distribution reaches practically the full extent of the different surveying networks of transects of the 119 study lakes.



Finally, Figure 4c depicts the resulting bathymetric model for the Luspa lake when using one of the six best-performing methods (natural neighbour). The figure shows the sharp interpolated surface that was obtained for this large lake, given the significant amount of sonar observations available for the respective bathymetric modelling, as well as the application of the low-pass Gaussian filter on the interpolation product.




3.2. Bathymetric Modelling


When using 80% of the observations for training (and 20% for evaluation) the running times for both processes (considering all the study lakes and interpolation methods) were 18 min and 8.5 min, respectively (with a very narrow standard deviation, in the order of 5 s). When using 70% of the observations for training and 30% for evaluation, the running times were 16 min and 8.0 min, respectively, also with a very narrow standard deviation, in the same order. This information was recorded on a PC running Windows 7, having a RAM of 4 GB and equipped with an Intel(R) Core(TM) i7-4770 processor. The processes were not run recently, using modern PCs; so, it is not possible to provide comparable information when using modern hardware.



Figure 5 shows the empirical exceedance probability distributions of the mean absolute error (MAE) of residuals, as a function of the tried interpolation methods, for the evaluation phase of the split-sample (SS) test. Every one of the eleven probability distributions included in every plot of the figure corresponds to one of the eleven study interpolation methods and is made of 119 points (one per study lake). The calculation of the probability distributions of MAE implied a significant amount of computations per study lake and per interpolation method.



Although Figure 5 corresponds to the evaluation phase of the SS test, the respective results are very similar to the ones obtained for the training phase. The shape of the empirical exceedance probability distributions was nearly the same, independently of the plotting position formula that was used (Figure 5a–c). Thus, for the purpose of assessing the accuracy of the bathymetric products of the interpolation methods, either plotting position formulation may be suitable. The Weibull plotting position formula was further used in this study.



Furthermore, the shape of the distributions varied only marginally as a function of the size (density) of the evaluation data set (i.e., the amount of bathymetric observations kept for evaluation in the framework of the SS test) as depicted by Figure 5a,d,e that illustrate the resulting empirical probability distributions for different sizes of the evaluation data set, say, 20% of total available observations, 30%, and 40%, respectively. It is worth noticing that, since the sonar observations of lake bathymetry were selected randomly, even if the size of the evaluation data set (and, consequently, of the training data set) was the same for different runs of the latter assessment, every run used a different set of bathymetric observations (randomly chosen). Despite this, the results depicted in Figure 5a,d,e may be considered as representative of this latter assessment on the effects of the size of the evaluation data set.



The figure also reveals that there is a group of interpolation methods that perform better than the rest, as their empirical exceedance probability curves are very similar. These are Kriging (ordinary), minimum curvature, natural neighbour, nearest neighbour, multiquadric (a radial basis function), and TIN with linear interpolation. Their respective curves are drawn in colour in Figure 5. It should be observed that the accuracies of the IDW method and of the modified Shepard’s method, a special case of the IDW [48,55], are not that much inferior. Notwithstanding, the remaining methods steadily produced bathymetric products of clearly inferior quality; particularly, the methods polynomial regression and moving average.



These results were systematically observed for either size of the training (and evaluation) data set (Figure 5a,d,e). Because their MAE probability distributions overlap, any of the six better-performing interpolation methods could be used for modelling the bathymetry of the study lakes, given the morphological properties of the study lakes and characteristics of the bathymetric observations.



Figure 6 depicts the results of the sensitivity analysis (SA) of the effects of random measurement errors on the performance of the interpolation methods modelling the bathymetry of the study lakes. For every study lake, 80% of the observations were randomly selected for model training and the remaining 20% for model evaluation; once these two data sets were defined, they were kept constant throughout the analysis. Every plot in the figure corresponds to one of the tested error scenarios, which is described in the title of the plot by means of the maximum error magnitude considered in the scenario.



The figure indicates that, congruently, the MAE values increased as the magnitude of the random error measurement increased, which meant that, in the higher error scenarios, the empirical exceedance probability curves shifted toward higher MAE values. The figure also reveals that, even for maximum error magnitudes reaching 3.2 m (for the class of deeper depths; Figure 6f), the conclusions on the performance of the interpolation methods remained unaltered, as the distribution of the empirical exceedance probability curves remained practically unchanged for every scenario. Although not shown in this figure, other scenarios of higher error magnitudes confirmed the same tendency of the MAE exceedance probability curves, confirming the same six better-performing interpolation methods.




3.3. Inspecting the Hypsometric Properties of the Study Lakes


The analysis revealed that the shape of the RH curves is influenced by the vertical resolution used to derive them. The shapes of the respective RH curves are, in general, similar for resolutions 0.10 m (Figure 7a) and 0.25 m (Figure 7b). However, Figure 7c depicts that, for a resolution of 0.50 m, the shapes of the RH curves of some lakes are significantly different from the respective shapes that are obtained for the finer vertical resolutions. Particularly, the shapes of the RH curves of shallow lakes are affected by coarser vertical resolutions (Figure 7c); the finer the vertical resolution, the smoother the RH curves are (Figure 7a) and the larger the computational effort to derive them.



On the other hand, Figure 8 illustrates the general classification of the form of the study lakes determined by the position of their RH curves with regard to the reference line. The RH curves were determined considering a 0.10 m vertical resolution and the products of the Kriging (ordinary) method. The analysis showed that most of the study lakes (i.e., 70% of them) could be regarded as having a convex form, only 5% of them have a concave shape, whilst 25% of them have mixed form properties. Although not shown, the same analysis applied on the products of the other better-performing interpolation methods revealed similar results about the form classification of the study lakes.



Finally, Figure 9 shows the results of the assessment that explored the accuracy of the six better-performing interpolation methods modelling the average lake forms (i.e., convex, concave, and mixed), which are characterised by different spatial (i.e., geomorphological) patterns. In the referred figure, the shape of the empirical exceedance probability distribution of the MAE for the concave lake form is not that sharp because it is defined only by 5% of the study lakes. The corresponding distributions of convex and mixed lake forms are much sharper since they are defined, respectively, by 70% and 25% of the study lakes. Despite this sharpness difference, the respective exceedance probability distributions suggest that, in general, all the methods model lakes with convex and mixed average forms similarly. All the methods seem to have a bit more trouble modelling concave patterns.




3.4. Incorporating the Lake Bathymetry into the Digital Elevation Model (DEM) of the Study Site


The product of the process for incorporating the bathymetry of the study lakes into the original DEM of the SIGTIERRAS project is an enhanced representation of the terrain of the study site, that could be very useful for the geomorphological/ecological management of the lake district of the CNP.



Further, the enhancement of the terrain representation of the study site is illustrated in Figure 10 for one of the study lakes: Luspa. Hereafter, Figure 10a,b depict a comparison of the DEM representation before and after the incorporation of the bathymetry of lake Luspa into the original SIGTIERRAS DEM. The discrepancy of both DEM products within the lake’s domain is clear, which means that the elevation range (see the legend in the respective figure) in the enhanced DEM is wider because lower submerged terrain levels (i.e., bathymetry) are present in it (which were not in the original DEM). Both the relative frequency and the cumulative relative frequency plots (Figure 10c,d) emphasise the important difference of both DEM products within the lake’s domain and that, outside this domain (in the depicted DEM domain), both DEM products are exactly the same, implying that the original elevations were preserved outside the study lakes.





4. Discussion


4.1. Bathymetric Surveying


A non-conventional non-specialised fishing echo-sounder system was used in this research to collect bathymetric observations. Although this specific instrument is successfully used worldwide for recreational navigation and for bathymetric surveying, there are not many examples of prior bathymetric (scientific) applications of this type of fishing echo-sounder system [12,17,56,57,58]. Consequently, there is not much information on typical measurement accuracies achieved with this type of echo-sounder fishing system which is in opposition to what happens in the case of the (combined) use of specialised instruments in the context of seabed bathymetries (see, for instance, [59,60]). This information was even more scarce when the field surveying took place, except [57] that, despite being dedicated to evaluating one of these low-cost fishing echo-sounder systems, does not provide any data on measurement accuracy. Further, no additional accurate information nor other specialised and accurate instruments were available for an accurate and detailed estimation of random measurement errors associated to the use of this particular Humminbird® echo-sounder.



Therefore, a very simple approach was adopted for estimating these errors, which produced estimates in the range 15 to 47 cm for a depth range reaching approximately 70 m. This error range seems in agreement with Yamasaki, Tabusa, Iwasaki, and Hiramatsu [56] who report a measurement error of +20 cm for a depth of 32 m (measured accurately under controlled conditions) for two combinations of echo-sounders, which were slightly more specialised than the one used in this study. On the other hand, Alcocer, Oseguera, Sánchez, González, Martínez, and González [12] report unclear manufacturer’s data, i.e., “the depth sounder has a precision of 95%”. Assuming that it implies an error of 5%, then, for depths around 70 m, they would have obtained random measurement errors around ±350 cm, which is by far higher than the magnitude of the maximum errors that were estimated in this study. Other relatively recent studies [17,58] do not provide any related information. Some manufacturers, for instance, OVA®, claim accuracies in the order of ±1% (https://www.saiyangmarine.com/depth-and-fish-finders/depth-finder/dual-frequency-echo-sounder.html; accessed on 15 January 2024), which for depths around 70 m would imply random measurement errors in the order of ±70 cm; however, no depth-differentiated accuracies are generally provided by the few manufacturers that give any related information.



Apparently, the order of magnitude of the random measurement errors that were estimated in this study is congruent with respect to the data provided by the few related studies. Nevertheless, the lack of abundant information on typical measurement accuracies when using these low-cost fishing echo-sounders to which our estimated error range could be compared is clear. This aspect was the principal reason for implementing the sensitivity analysis (SA) of the effect of the magnitude of random measurement errors on the accuracy of the interpolation methods. However, it should be stated that further limnimetric studies (for instance settling down sediment tramps and other instruments and sensors) carried out in some of these study lakes, at certain locations of interest (such as the deepest point), have revealed congruencies with the respective sonar readings with error magnitudes even lower than 17 cm. This has even accentuated the confidence on the performance that this type of fishing echo-sounders could reach in lake bathymetric studies, carried out carefully, as in the current case.




4.2. Bathymetric Modelling


The accuracy of bathymetric modelling depends, besides terrain characteristics, modelling (spatial) resolution, and the accuracy, density, and distribution of sample observations, on the interpolation method being considered [20,21,23,61]. Correspondingly, several interpolation methods (11) were tried out in the current study. This is in line with past research [20], which was carried out in the context of assessing the effect of DEM accuracy on distributed, physically based, hydrological modelling. The current study was carried out to select the best interpolation method(s) suiting the morphological characteristics of the study lakes as well as the accuracy, density, and distribution of the respective bathymetric observations, so that the best possible interpolated bathymetric products could be used in posterior studies, such as [3].



The assessment of interpolation methods has been extensively carried out in the past in the scope of surface terrain shape and roughness modelling [20,22,23,24,25,38,47,61]. There are also some assessments related to the bathymetric modelling of river and sea floors [39,40,44]. However, there are fewer assessments in the context of lake bathymetry [15,16,62], as, commonly, interpolation methods are applied on the basis of their “reputation” and/or the availability of software for their application [12,15,16,17,63] which might be considered as being “controversial”. Independently of the scope of the analyses, past assessments, with the exception of [38], have considered a lower number of methods, most of which were also used in this study. In addition, commonly, past assessments fixed their attention only on a few study sites [12,23,24,25,39,40,41,61], whilst we considered 119 study sites, which is another non-conventional aspect of our research. Some studies have even considered very few control points per study site [23,25]. Further, prior studies have concentrated on assessing the performance of some interpolation methods but using some artificial “observations” generated by test functions [41], which facilitated the optimisation of the accuracy, density, and distribution of these observations; an aspect that differs from studies such as ours that rely on real-world sample observations, acquired with low-cost instruments.



The accuracy analysis of the interpolation methods was particularly based on the consideration of some statistical measures; it was less dependent on visual comparison of their products. Therefore, it differs from some past related studies that relied mainly on visual comparison of the products of the used interpolation methods (i.e., [15,23,25]). The use of exceedance probability distributions, which is not a common approach in similar studies, proved to be a very simple but effective approach to assess the accuracy of the eleven tried methods, for all the 119 study lakes, which otherwise is commonly performed through the complicated use of several (11) plots instead of a single plot as in the current case (see, for instance, [64]). Although a very simple statistic was used in this assessment, i.e., the MAE, any other more elaborate statistic may be used, such as the root mean square error (RMSE) [L] or the relative RMSE (RRMSE) [−] or the Nash and Sutcliffe coefficient of efficiency (EF2) [−] or the Kling–Gupta efficiency (KGE) [−], or the total DEM error [L], etc., that, besides the average systematic error, can also measure the (average) random error [45,49,65] (or even much simpler statistics as in [39]). Nevertheless, although these results are not shown in this manuscript, the probability distributions derived by using some of these alternative statistics led to exactly the same conclusions as when using the MAE statistic. The plotting position method, very common in meteorological and hydrological studies [20,52,66], and easy to compute/program, proved to be an efficient tool for estimating the probability distributions of the interpolation methods; further, no perceptible differences were observed when methods other than Weibull were used (see Figure 5). Finally, notwithstanding the usefulness of the applied approach to depict the accuracy of the tried interpolation methods, in this type of assessment, it would be advisable to carry out a complementary analysis to investigate on whether bathymetric residuals are clustered and, if so, where those clusters are located within every study bathymetric domain. This could be achieved through either error maps or suitable distributed error indexes [47] or their conjunctive use. This analysis, however, is beyond the reach of this manuscript, as this complementary analysis would demand a significant amount of programming efforts to cope with the high amount of interpolation methods and study sites considered in this study.



The (bathymetric) modelling accuracy assessment indicated that the products of the methods of Kriging (ordinary), minimum curvature, multiquadric (a radial basis function), and TIN with linear interpolation and the neighbourhood methods natural neighbour and nearest neighbour were better than the rest, with the exception of the other two neighbourhood methods of modified Shepard’s and inverse distance (IDW), whose accuracy was not that much inferior and even outperformed the respective accuracies of more elaborate methods such as polynomial regression. Indeed, this study revealed an equivalence of the six better-performing methods, as no single “best” interpolation method could be identified among them for our study conditions (i.e., lake geomorphological and data characteristics). These aspects are somewhat consistent with what similar studies reported (i.e., [25,61]) in the sense that, although a best method was identified, the performance of other, less sophisticated methods, such as IDW, was not that inferior. Particularly because of its ability to adjust itself to the spatial structure of the observations, Kriging (or other sophisticated methods such as spline) is normally chosen as the best interpolation method [23,24,25,39,43], although some studies revealed that even simpler neighbourhood methods such as IDW performed similarly or even outperformed Kriging (and/or spline) [26,28,45,61]. All the above emphasise the need for carrying out an inspection of the performance/accuracy of the candidate interpolation methods, similarly to what has been performed in this study, so that the best possible bathymetric products are obtained for the study beforehand; the more sophisticated methods are not always the best choice for local geomorphological and observed data conditions.



Conventional random sampling took place in the scope of a split-sample (SS) test for training the interpolation methods and evaluating (i.e., “validating”) the accuracy of their products. Hereafter, several data densities were tried out to cross-check the congruency of the accuracy assessments (see Figure 5 for an example of the tried densities). The assessment indicated an important congruency of results, despite the fact that the sharpness of the empirical exceedance probability distributions was reduced for lower data densities. Other similar research also studied the effects of data density variability on the interpolation methods [23,24,40,61], usually through a similar SS test. However, it is rarely addressed in these studies that, independently of the data density beforehand, conventional random sampling may lead (by chance) to leaving key data out of the interpolation process. This may affect the ability of the respective interpolated product to represent certain important spatial patterns present in reality well. There is the chance, however, that through the repetition of the analysis, conventional random sampling would include these key data in the interpolation process, resulting in a higher accuracy evaluation for the same data density and interpolation method. This is, definitively, a potential small pitfall of conventional random sampling in an SS test.



To overcome it, cluster random sampling might be applied if prior knowledge of particular spatial patterns is available, which could be perfectly feasible for ground topography studies; nevertheless, this is not a common option when dealing with bathymetric studies as the inundated surface being modelled is normally imperceptible to the eye. But even if it were feasible in normal bathymetric studies, there would be still a chance that some of the key data would be left out of the interpolation process given that, within every cluster, sampling would still be fully random. A different alternative (cross-validation) would be leaving one observation out of the interpolation process at a time and then evaluating the accuracy of the interpolated product against that particular observation. This process should be repeated as many times as needed so that all depth measurements are omitted once (so, using all the available observations for comparison, and using nearly all the observations in the interpolation); after which an average accuracy measure could be obtained for the tried density and interpolation method upon the whole set of repetitions [47]. Nevertheless, this would be difficult to achieve for studies that handle a large number of observations, such as in the current case. What has been performed in this study, for a given data density and interpolation method, is repeating the respective SS test several times (an approach that was also adopted by [40], though with a different purpose in mind) and cross-checking the congruency of the corresponding results/findings. This kind of sensitivity analysis (SA) revealed an important degree of congruency; however, very few repetitions of the SS test led to lower accuracies (for a given data density and interpolation method), emphasising potential pitfall of the random data selection in the context of the SS test.



The SA of the effect of the magnitude of random measurement errors on the accuracy of the interpolation methods suggested that, given the morphological conditions of the study lakes and the properties of the bathymetric observations (the acceptable density and proximity), the consideration of even higher error magnitudes than the ones estimated in this study leads to the same results obtained before the SA took place, confirming, therefore, the same six better-performing interpolation methods. The SA also supported the assumption, implicit in this study, that data proximity is a very important aspect for the performance of interpolation methods; at least, it is as important as random measurement errors of reasonable magnitudes present in the observations.



In this regard, random measurement errors were not filtered out from the original bathymetric observations, particularly to represent real-word management practices, but also because it is beyond the scope of the current manuscript. Further, any numerical filtering of the bathymetric observations would result in a data set whose bathymetric accuracy enhancement could not be proved unless very accurate bathymetric data sets are available at least for some of the study lakes to contrast the validity of the filtering products. As already stated, this accurate bathymetric data set was not available in this research; nor was it available in the context of a real-world management study aiming at producing bathymetric models under low-budget conditions, as in the current case. Instead, the low-pass Gaussian filter was applied on the interpolated products prior to the evaluation phase with the aim of smoothing the interpolation products and eliminating potential artificial features (for instance, pitholes) introduced by the interpolation methods.



It should be noticed that none of the research studies that have applied, recently, fishing echo-sounder systems for surveying lake bathymetry (i.e., [12,17]) have performed the estimation of random measurement errors, filtering of these random errors from the observations, application of a smoothing filter on the bathymetric surfaces after interpolation, or a similar SA to the one implemented in this study. Thus, the different analyses implemented in this study are believed to have supported the reliability of its results.




4.3. Incorporating the Lake Bathymetry into the Digital Elevation Model (DEM) of the Study Site


The resulting bathymetric products were incorporated into the best DEM of the study area, which lacks bathymetric information. This, undoubtedly, improved the information provided by the DEM. A couple of aspects have to be considered, however. The first one has to do with the difference in terms of the accuracy and density of information between the current sonar-based surveying and the respective LiDAR-based surveying by which the (SIGTIERRAS) DEM was generated. Another aspect has to do with the difference in terms of interpolation method and resolution that were applied in the current study and the study that produced the SIGTIERRAS DEM. These aspects produced, possibly, bathymetric products of inferior accuracy and resolution with respect to the SIGTIERRAS DEM. This not uncommon in studies where, similarly to what happened in the current research, digital elevation products resulting from different data gathering and interpolation approaches were integrated [40,67].



In this study, an initial, very simple integration approach was followed to (i) match the resolution of both elevation products by resampling the original bathymetric surfaces according to the resolution of the DEM and (ii) equalise the elevation references of the bathymetries with the respective reference of the DEM by assigning a DEM-based elevation to the perimeters considered in the interpolation of the study lakes. In this regard, although more complex approaches could be applied depending on the nature of the information to be integrated, for instance, correlating certain statistical properties of both elevation data sets [67], they are generally based, as in our case, on equalising the elevation references of both data sets (bathymetry and the lake’s surrounding topography).




4.4. Average Lake Form


The comparison of the hypsometric properties of the study lakes was facilitated through the use of relative hypsometric curves. Indeed, defining this type of standardised hypsometric curve for comparison of geomorphological features was the main purpose of pioneering research such as that by Strahler [53] for hydrological basins or Håkanson [13] for lakes. Although this concept would be perfectly applicable without mathematical constraints with regard to the (spatial) scale of analysis (i.e., to either huge or small basins) or type of geomorphological feature (i.e., to a hydrological basin or a natural lake basin or an artificial reservoir), there are some practical limitations that have to do, for instance, with the congruency of the comparison and the respective interpretation of the results. Therefore, it should be observed that the way of calculating a hypsometric curve for a hydrological basin [53] is slightly different from the way of doing so for a lake or reservoir [68]. Thus, issuing a general or a regional interpretation, for instance, for lakes, upon local assessments or the examination of geomorphological features other than lakes should be avoided when using relative hypsometric curves [13].



In this regard, our comparison was carried out among lakes that belong to the same district and that share the same glacial origin. Even though the area range of the study lakes is broad (from about 0.005 km2 to more than 0.46 km2), we believe that a single comparison, without the need for clustering the study lakes, is justifiable since our intention was simply assessing their average form and given that they share the same glacial genesis. For assessing the average form of the study lakes, we applied a simple approach [13], which enabled the relatively easy programming of the subroutines for handling the numerous necessary computations. Nevertheless, Håkanson [13] and Håkanson [14] present a more complex analysis that uses probability distributions to improve the assessment, which also enabled considering more lake form categories than the ones used in this study. Our intention was not trying to link any potential cause, such as erosion/deposition rates, with differences in terms of average form. In this context, Kim, Kim, Wang, Lee, and Kim [68] have directly applied an approach, originally developed by Strahler [53] to address the geological maturity of hydrological basins, on some reservoirs’ bathymetric data to conclude on their degree of erosion after using relative hypsometric curves. Although this might be (weakly) acceptable for artificial reservoirs, this approach would be controversial for natural lakes because of the reasons described above.



The assessment on the accuracy of the six better-performing interpolation methods modelling the inherent different spatial patterns of the three average lake forms confirmed not only the equivalence of the products of these methods but also the fact that, for instance, for the bigger lake form groups, i.e., convex and mixed, simpler neighbourhood methods such as nearest neighbour performed comparably to more sophisticated methods such as Kriging (ordinary) and even slightly outperformed it for some of the study lakes (Figure 9a,d). Further, all the inspected methods produced less accurate products for lakes with average concave forms. Thus, this inherent spatial pattern analysis did not shed more light onto the process of identifying an undebatable “best” interpolation method for our study conditions. This also confirmed that sophisticated interpolation methods do not always produce the best products; geomorphological characteristics of the study site(s) together with observation data characteristics play an important role in the performance of the methods.



The knowledge of the bathymetry of lakes can help in defining important geomorphological parameters such as volume, shape, or residence time, which are very important for ecological processes and interactions with the environment [69] such as influencing primary productivity [70], food web dynamics [71], or species diversity [72]. However, in the CNP there is not yet published research that links ecological processes and geomorphology since relevant research has taken place there only in the last ten years. The results of the current manuscript fall into the “knowledge pieces” about these unique ecosystems and could contribute to more holistic knowledge on the connection of physical–chemical–biological processes happening in these lakes. The understanding of the linkage between geomorphological characteristics and ecological processes could provide in the future sound management and policy recommendations.





5. Conclusions


A single best interpolation method could not be identified; instead, the probability distributions suggested the equivalence of six of the tried methods including the complex methods Kriging (ordinary), minimum curvature (spline), multiquadric (a radial basis function), and TIN with linear interpolation but also the much simpler neighbourhood methods natural neighbour and nearest neighbour. The implemented SA confirmed this. This suggested that sophisticated interpolation methods do not always produce the best products; geomorphological characteristics of the study site(s) together with observation data characteristics (particularly, proximity and accuracy) are likely to play important roles in their performance. As such, this type of assessment should be carried out in any terrestrial mapping of bathymetry that is based on the interpolation of scattered observations. Further, the accuracy analysis as a function of the three average form categories (i.e., convex, concave, and mixed) did not help to elucidate an undebatable best interpolation method.



Finally, it is believed that the enhanced DEM resulting from the incorporation of the interpolated bathymetries of 114 of the study lakes into the best DEM of the study site could be a very useful tool for a more appropriate management of this very fragile high mountain tropical lake district of southern Ecuador. This is despite the accuracy difference of the data sets (i.e., lake bathymetries and existing DEM).



Future work could include the use of remote sensing information to model the bathymetry of these lakes so that non-terrestrial approaches could be used within acceptable uncertainty constraints without the need for physically and financially demanding activities. Other future activities may include applying the main findings of this research to ecological or hydrological modelling or exploring the impact of climate change on the physical behaviour of the study lakes, etc.
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Figure 1. Location of the study site and distribution of the study lakes. Lake identifiers (IDs) are after Mosquera, Hampel, Vázquez, Alonso, and Catalan [3]. The large majority of them (115) are located within the Cajas National Park (CNP), 3 lakes are in the Quimsacocha volcano area, and 1 (lake 157, not shown) is in the Sangay National Park (SNP). Coordinates system: Geographic. 
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Figure 2. Digital elevation model (DEM) of the study site available from the Ecuadorian government’s project SIGTIERRAS (www.sigtierras.gob.ec) (a) in the form of separate pieces (tiles), each one of which has a size of 770 rows and 775 columns (with a 3 × 3 m2 resolution), which were mosaicked (b) in the context of this study. For illustration, only a few of the 217 DEM tiles are depicted in (a). For comparison purposes, the bound of the Cajas National Park (CNP) and the perimeters of the study lakes are also depicted, along with the rectangle that defines the horizontal domain considered in this study for the topography. Coordinates system: UTM (m) 17-S, WGS84. 
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Figure 3. Flow chart of the protocol that was followed for acquiring field observations and modelling the respective bathymetric surfaces for all of the study lakes of the Cajas National Park (CNP). 
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Figure 4. (a) Random measurement errors estimated by repeatedly collecting observations in fixed spots within 5 study lakes (i.e., Llaviuco, Toreadora, Larga, Luspa, and Sunincocha Grande); (b) distribution of training (80%) and evaluation (20%) bathymetric observations in the scope of the surveying of one of the deepest study lakes, Luspa (surface area: 0.77 km2), Cajas National Park (CNP), Ecuador; and (c) the respective bathymetric product of the natural neighbour interpolation method. Coordinates system: UTM (m) 17-S, WGS84. 
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Figure 5. Empirical exceedance probability distributions of mean absolute error (MAE) of residuals, as a function of the tried interpolation methods. Exceedance probabilities were assigned by using (a) the Weibull plotting position expression, as well as the alternative formulae (b) Blom and (c) Gringorten. Evaluation data sets were randomly selected considering different percentages of total sonar observations (i.e., 100 × (1 − Mi/Ji), see Figure 3), such as (a) 20%; (d) 30%; and (e) 40%. In the legend, numbers between parentheses in front of the names of the tested interpolation methods are the respective SURFER identifiers (SrfGridAlgorithm enumeration). 
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Figure 6. Empirical exceedance probability distributions of mean absolute error (MAE) of residuals, as a function of the tried interpolation methods and the error scenarios, i.e., (a) original observations; and artificial random errors with maximum magnitudes in the order of (b) ±20 cm; (c) ±40 cm; (d) ±80 cm; (e) ±160 cm; and (f) ±320 cm. Exceedance probabilities were estimated through the Weibull plotting position expression. For every study lake, 80% of the observations were randomly selected for model training and the remaining 20% for model evaluation. In the legend, numbers in parentheses in front of the names of the tested interpolation methods are the respective SURFER identifiers. 
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Figure 7. Relative hypsographic (RH) curves of lake area as a function of the vertical resolution used to determine them, i.e., (a) 0.10 m; (b) 0.25 m; and (c) 0.50 m, using products of the Kriging (ordinary) interpolation method. 
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Figure 8. Relative hypsographic (RH) curves (a) for all the study lakes within and around the Cajas National Park (CNP); (b) for the lakes with a convex form [13,14] (70% of the study lakes); (c) for the lakes with a concave form (5% of the study lakes); and (d) for the lakes with a “mixed” form (25% of the study lakes). The RH curves were determined considering a 0.1 m vertical resolution and the products of the Kriging (ordinary) method. The dashed 45° line is the reference curve that enables discretising convex and concave forms. 
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Figure 9. Empirical exceedance probability distributions of mean absolute error (MAE) of residuals as a function of the average lake form: convex (70% of study lakes), concave (5% of study lakes), and mixed (25% of study lakes), for the six better-performing interpolation methods: (a) Kriging (ordinary); (b) Minimum Curvature; (c) Natural Neighbour; (d) Nearest Neighbour; (e) Radial Basis Functions (Multiquadric); and (f) TIN with linear interpolation. Empirical exceedance probabilities were estimated through the use of the Weibull plotting position expression. The size of the evaluation data set considered in the split-sample (SS) test was 20% of total sonar observations. 
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Figure 10. Comparison of the DEM of the study site (a) before (original) and (b) after (enhanced) the incorporation of the bathymetric information of the Luspa lake into the DEM; (c) relative frequency; and (d) cumulative relative frequency of terrain elevation pixels, for both the original DEM and the enhanced DEM that incorporates the bathymetry of the Luspa lake. Coordinates system: UTM (m) 17-S, WGS84. 
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