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Abstract

:

Rising surface water temperatures in fluvial systems increasingly affect biodiversity negatively in riverine ecosystems, and a more frequent exceedance of thermal tolerance levels of species is expected to impoverish local species assemblages. Reliable prediction of the effect of increasing water temperature on habitat suitability requires detailed temperature measurements over time. We assessed (1) the accuracy of high-resolution images of water temperature of a side channel in a river floodplain acquired using a consumer-grade thermal camera mounted on an unmanned airborne vehicle (UAV), and (2) the associated habitat suitability for native and alien fish assemblages. Water surface temperatures were mapped four times throughout a hot summer day and calibrated with 24 in-situ temperature loggers in the water at 0.1 m below the surface using linear regression. The calibrated thermal imagery was used to calculate the potentially occurring fraction (POF) of freshwater fish using species sensitivity distributions. We found high temperatures (25–30 °C) in the side channel during mid-day resulting in reduced habitat suitability. The accuracy of water temperature estimates based on the RMSE was 0.53 °C over all flights (R2 = 0.94). Average daily POF was 0.51 and 0.64 for native and alien fish species in the side channel. The error of the POF estimates is 76% lower when water temperature is estimated with thermal UAV imagery compared to temperatures measured at an upstream gauging station. Accurately quantifying water temperature and the heterogeneity thereof is a critical step in adaptation of riverine ecosystems to climate change. Our results show that measurements of surface water temperature can be made accurately and easily using thermal imagery from UAVs allowing for an improved habitat management, but coincident collection of long wave radiation is needed for a more physically-based prediction of water temperature. Because of climate change, management of riverine ecosystems should consider thermal pollution control and facilitate cold water refugia and connectivity between waterbodies in floodplains and the cooler main channel for fish migration during extremely hot summer periods.






Keywords:


thermal remote sensing; river management; restoration measures; unmanned airborne vehicle; species sensitivity distribution












1. Introduction


Water temperature is a key environmental factor directly and indirectly affecting survival of aquatic species such as macrophytes [1], macro-invertebrates [2] and fish [3,4]. Climate change will increase water temperatures of rivers on all continents [5], further increasing environmental stress in riverine ecosystems. When water becomes too warm, detrimental stress occurs in many species ultimately resulting in mortality [6,7,8]. In addition, increasing temperature facilitates the spread and establishment of alien species [9,10,11,12], which increases their competition success with native species and causes biotic homogenization. Alien fish species already dominate freshwater fish assemblages in many rivers of the world [13,14,15], urging the need to assess the effect of increasing water temperatures under a changing climate on native and alien fish species.



The thermal limits of freshwater fish species can be used to construct species sensitivity distributions (SSDs) [10,16,17]. These statistical distributions describe the variation of species sensitivity to an environmental factor [18]. Using SSDs, the relationship between the potentially occurring fraction (POF) of a species assemblage and the magnitude of an environmental pressure can be derived [17,19]. The POF represents the fraction of the maximum number of native and alien fish species that can potentially occur in water with based on the assessed environmental factor. SSDs allow predicting habitat suitability for the assessed species group based on single or multiple environmental factors [10,11,20]. The availability of field data that reflect the spatiotemporal variation of the temperature is vital for predicting thermal habitat suitability of native and alien fish using SSDs.



Water temperature of rivers shows a high spatiotemporal variability [21,22]. Spatial variation in temperatures results from inflow of tributaries [23] and groundwater, shading by riparian vegetation [23], water depth [24], amongst other factors. The high spatiotemporal variability of water temperature limits the usability of point measurements to accurately assess habitat suitability [10,25]. This can partly be solved by modelling, but a temperature model capturing high spatiotemporal details requires a thorough knowledge on complex processes of the water body, which is often lacking [26].



Remote sensing of water surface temperature allows documenting spatiotemporal patterns in riverine habitat suitability [27,28]. The radiant temperature is derived from the thermal infrared radiation (TIR) emitted by the water surface using Planck’s Law and the emissivity of water [29]. It is important to note that measurements of emitted TIR only represent the top 100 µm of the water column [27] and that the highly reflective water surface can disturb the thermal signal of the water by reflecting TIR from the sun directly into the sensor [30]. The reflection effect varies over time due to changes in solar angle and wind conditions. Previous studies have mapped water temperature of rivers and/or streams using airborne thermal imagery with an average error varying between 0.3 and 2.5 °C (Supporting information: Table S1). Aircrafts and helicopters have been used most often to carry the thermal sensors, but these are expensive to deploy, especially for small areas and repeated observations.



A potential method to measure spatiotemporal variation in water temperatures in small water systems (e.g., side channels of 10–30 m wide) are unmanned airborne vehicles (UAVs) [31]. Their availability increases and they are being deployed with a large variety of sensors, ranging from simple consumer-grade cameras [32] to hyperspectral [33], LiDAR [34] and thermal infrared sensors [35]. The latter may offer new opportunities to address the problem of spatial monitoring of water temperature. UAVs are easy to deploy compared to an aircraft or helicopter. They offer a high spatial resolution (<1 m), which depends on the flight elevation and sensor resolution. However, it remains unclear whether water temperature can be estimated by UAVs with sufficient accuracy for monitoring habitat suitability for freshwater fish.



This research aimed to predict thermal habitat suitability of a side channel in the littoral zone of rivers during hot summer conditions using thermal imagery. We define thermal imagery as the remotely sensed temperature measurements using a UAV. The research questions were: (1) How accurately can water temperature be measured using thermal imagery? (2) What is the spatiotemporal temperature variation during a hot day? (3) What is the added value of using thermal imagery to predict the habitat suitability for native and alien fish species compared to commonly used in-situ measurements or gauge data? (4) How does the temperature error in thermal images propagate to the estimation of habitat suitability?




2. Materials and Methods


To map the temperature fields and the associated potentially occurring fraction (POF) for native and alien species, we collected the thermal imagery and field reference data, which were combined with species sensitivity distributions (SSDs) from the literature (Figure 1). Here, we explain the methodological steps in detail.



2.1. Study Area


The river Waal is the main distributary of the river Rhine in the Netherlands (Figure 2a,b). As part of the ecological restoration, three side channels were created between 1996 and 1999 near the village of Gameren: two flow year-round and one flows only during higher river discharges. Air temperature at a height of 1.5 m on 29 August 2017, varied between 12.5 and 29.6 °C, with a mean temperature of 21.6 °C. Wind speed during that day varied between 1.0 and 4.0 m.s−1 (www.knmi.nl). The water level at gauging station Lobith was 8.03 m and the discharge was 1362 m3.s−1 (www.waterinfo.rws.nl).



Water temperature measurements were performed at 24 locations in the northern side channel (Figure 2c). We chose the smallest side channel that has an open connection during low flow, because of the expected spatiotemporal variability in temperature due to: (1) variations in depth and (2) the propagation of ship-induced waves from the main channel from both the upstream and downstream end. Most locations were characterized by low flow conditions, but substantial bidirectional flow was found near the in- and outflow of the side channel (location 1, 19, 22, 23 and 24). During the measurement day, flow velocities were measured with peak values of 35 cm s−1 (SD = ± 10 cm s−1) using a propeller flow meter.




2.2. Thermal Iimagery


A ThermoMAP sensor mounted to a Sensefly Ebee UAV [36] was used to collect thermal imagery at four different moments during a day on 29 August 2017 (Table 1). The ThermoMAP sensor performs an automatic temperature calibration in-flight based on the sensor’s internal temperature and assumes an emissivity of 1 for the surveyed surface. Flight duration was approximately 15 min per flight and the entire study area was covered in a single flight. To improve georeferencing of the imagery, 23 ground control points (GCPs) were distributed along both banks of the side channel (Figure 2d) and were georeferenced with a Trimble dGPS, which had a horizontal and vertical accuracy of 0.015 and 0.02 m, respectively. The GCPs were vinyl disks with a 50 cm diameter covered with tinfoil with a low emissivity (5%) to guarantee their visibility on thermal imagery. A georeferencing error <0.1 m was obtained.




2.3. In-Situ Measurements


Time series of temperature measurements were performed by positioning waterproof loggers (Hobo Onset, accuracy 0.5 °C) 10 cm below the water surface at 24 locations distributed across the side channel (Figure 2c) covering variation in depth and flow velocity. At locations 6, 14, 16 and 24 the water depth was sufficiently deep to perform additional temperature measurements at a depth of 50 cm. The loggers measured water temperature with a frequency of 0.1 Hz and were geolocated with the Trimble dGPS.




2.4. Pre-Processing and Accuracy Assessment


The ThermoMAP output image files were orthorectified with the SenseFly Postflight Terra software to create orthophotos. After initial matching based on the given geolocation of the images by the UAV-mounted GPS, the imagery was georeferenced manually with the GCPs. The temperature values as registered by the sensor were rescaled to temperatures in °C (TUAV). In-situ water temperatures at 10 cm depth (Tref.10) and 50 cm depth (Tref.50) were calculated as the median of each logger’s measurement over the 15-min duration of each flight (Table 1). TUAV values were extracted from the thermal imagery at the logger’s locations and used to calculate the mean absolute error (MAE). The MAE of the thermal imagery expresses the error in water temperature without calibration with field data. Subsequently, a linear regression was performed to establish empirical relationships between (1) Tref.10 and TUAV to determine the error in water temperature after calibration with field data and (2) Tref.10 and Tref.50 to estimate the relation between water temperatures at different water depths. Linear regression equations and root mean squared errors (RMSE) were calculated for each flight separately and for all flights combined. This RMSE expresses the residual error after calibration. No further correction for water emissivity was applied due to lack of data on incoming long wave radiation during the UAV flight.




2.5. Spatiotemporal Temperature Changes and Habitat Suitability


2.5.1. Water Temperature Variation


The overall regression equation between TUAV and Tref.10 was used to correct the TUAV orthophotos (TUAV,corr) using the R statistics package Raster [38,39]. The TUAV,corr maps where used to assess heterogeneity in water temperature in the side channel spatial subset (Figure 2d) by constructing boxplots of the temperatures of the pixels included in the subset.




2.5.2. Added Value of Using Thermal Imagery to Predict the Habitat Suitability


Two SSDs for water temperature sensitivity of native and alien fish species occurring in the river Rhine (Figure 3) were derived from data of Leuven et al. [10] based on the maximum temperature tolerance of 35 native fish species and 22 alien fish species that occur in the river Rhine. SSDs are constructed by fitting a normal distribution to known maximum temperatures of a local species assemblage, resulting in a maximum temperature SSD. The resulting SSD can then be used to derive the potentially occurring fraction (POF) of the assessed species assemblage based on measured or modelled temperatures. We derived separate POF values for native and alien fish species at specific water temperatures. A POF value of 0.5 for the native fish indicates that 50% of the species assemblage is tolerant of the ambient water temperature and is able to potentially occur if other habitat requirements are also met.



In this study, the TUAV,corr maps were used as temperature input for the SSDs thereby yielding a spatial POF map. We assessed the added value of thermal imagery by comparing habitat suitability using the thermal imagery (TUAV and TUAV,corr) and the habitat suitability estimated using gauge data or in-situ measurements. Gauge data are measured water temperatures of the main channel at the gauging station Lobith (Tgauge) 75 km upstream of the study area (Figure 2b). In-situ measurements were used to spatially model temperature using ordinary kriging [40].




2.5.3. Temperature Error Propagation


The error propagation provides insight into the sensitivity of the POF to errors in temperature measurements. We calculated the propagation of four temperature errors to investigate the effect of the temperature errors over the full range of the maximum temperature SSD on habitat suitability, assuming the temperature error is not dependent on the water temperature. The first three errors were the difference in temperature compared to the in-situ temperatures (Tref.10). The first error was the difference with Tgauge. The second error was the MAE, as this is the error without the correction of the thermal images with the in-situ temperatures (TUAV). The third error was the overall RMSE, as an indication of the error with the corrected thermal images (TUAV,corr). The fourth error was the overall RMSE of a leave-one-out-cross-validation (LOOCV) based on the ordinary kriging of the in-situ measurements. Each error was used to create an error band around the temperature for the entire range of the maximum temperature SSD. Subsequently, POF values were determined for each error corrected temperature and the maximum deviations in POF as a result of these errors were compared with each other.



To estimate the effect of the temperature error on the spatial POF, we also mapped the POF using the uncorrected TUAV (assuming Tref.10 = TUAV) and calculated the difference between POF maps obtained with TUAV,corr and TUAV. By mapping the differences, it became spatially explicit where the influence of the temperature error on the habitat suitability is largest.






3. Results


3.1. Thermal Imagery Accuracy Assessment


The mean absolute error (MAE) between TUAV and Tref.10 varied over the four flight campaigns between 0.58 and 1.58 °C (Table 2). The MAE over the four campaigns together was 0.81 °C. The largest errors of more than 3 times the SD (Table 2) were measured at 13:00 at locations 2, 4, 7, 8 and 13. Relatively large errors were also found at the inflow and outflow of the side channel at locations 1, 2, 19–22. The smallest errors were recorded during the 19:30 flight.



At 07:15, temperatures were mostly underestimated by TUAV in contrast with the other surveys, which showed an overestimation of Tref.10 (Figure 4). The regression equation of the 15:00 flight was closest to the y = x line, which is ideal when estimating temperature from thermal imagery. The morning and mid-day (13:00) flight performed worst regarding their regression functions with an R2 < 0.6. The regression between the TUAV and the Tref.10 based on data of all four surveys had a RMSE of 0.53 °C (Table 2). The LOOCV of the kriged in-situ measurements showed a lower average RMSE of 0.34 °C. A significant relationship was also found between the Tref.10 and Tref.50 measurements with a R2 value of 0.87 (Table 2). In addition, we have measured differences between Tref.10 and Tref.50 of 1.2 ± 0.2 °C during the 13:00 flight, while the differences were only 0.4 ± 0.5 °C during the other flights. This supports that the vertical gradient in temperature was highest during mid-day.




3.2. Spatiotemporal Variation of Temperature in the Side Channel


In general, the side channel was characterized by a higher water temperature during mid-day (13:00 and 15:00) than in the morning (07:15) (Figure 5; Figure 6). In the morning (07:15), the lowest temperatures were found in the shallow and narrow sections in the western part of the side channel and close to the banks (Figure 5). In the afternoon (13:00 and 15:00) the highest temperatures were found in these areas. In the evening (19:30), the temperatures remained highest between the narrow in- and outflow compared to the outer sections, which were more under influence of the main channel. Temperatures decreased during the mid-day to lower temperatures at 19:30. The observed average value of TUAV,cor increased over the course of the day: 21.95 ± 0.43°C at 07:15; 26.66 ± 0.43 °C at 13:00; 26.94 ± 0.46 °C at 15:00 and 25.25 ± 0.22 °C at 19:30.




3.3. Habitat Suitability


The observed spatiotemporal patterns in water temperature were reflected in the calculated POF for alien (Figure 7) and native (Figure 8) fish species in the side channel. The higher POF values were obtained during the morning. Lowest POF values were derived at mid-day after which POF values increased at 19:30. Average daily POF value of alien fish species was 0.64 whereas for native fish species this value was lower (0.51) (Figure 9). This implies that throughout the day a larger number of native fish species (on average 13%) was limited by high water temperature than alien species. Additional analysis of the POF at 50 cm depth showed higher potential during mid-day at these increased depths (Supporting information: Figures S1 and S2) compared with shallow habitats (Figure 7; Figure 8), because of lower temperatures at larger depth. The average daily POFs using Tgauge (ranging between 22 and 23 °C, Supporting information: Figure S3) revealed higher POFs compared to the side channel for native fish species (0.51 vs. 0.65–0.71) as well as alien species (0.64 vs. 0.75–0.80).




3.4. Temperature Error Propagation to Habitat Suitability


Errors in water temperature affect the POF estimates differently throughout the range of the maximum temperature SSD (Figure 10). A main observation is that the sensitivity of the POF estimation tapers off towards the extreme temperatures (10 °C and 37 °C). The error results in a range of possible POF values for a single estimated temperature, for example, at 25 °C the POF varies between 0.38 and 0.67 when estimated from a gauge temperature measurement.



The effect of the error also varies for the different methods of the temperature measurements. The Tgauge error was 2.2 °C and resulted in the largest uncertainty on the POF of native and alien fish, with maximum uncertainty of −0.146 to 0.146. The uncorrected TUAV error (MAE of 0.81°C) improved the POF estimations to an uncertainty of maximum ±0.054 for native and alien fish, which is a decrease in error of 0.093 (63% of the original error of 0.146 with Tgauge). Using the TUAV,corr error (RMSE of 0.53 °C), the POF uncertainty was minimized to a maximum of ± 0.035 for both native and alien fish species (Figure 10), which shows a decrease in uncertainty of 0.111 (76%) compared to using Tgauge and 0.018 (35%) compared to using TUAV. Errors were largest at shallow sections with high water level fluctuations. The LOOCV error based on the in-situ measurements was the smallest (0.34 °C) and, hence, resulted in the smallest uncertainty of POF estimations, e.g., −0.022 to 0.022. The propagation of the LOOCV error is not shown in Figure 10 for the sake of readability of the figure.





4. Discussion


4.1. Accuracy of Thermal Imagery to Estimate Water Temperature


The UAV thermal images of our field study yielded water temperature measurements with a MAE of 0.81 °C and at a high spatial (0.25 m) and temporal (four times per a single day) resolution. An extensive literature research of eight previous studies using thermal sensors in riverine environments (Table S1) reported an error ranging between −7 and 2.6 °C. Torgersen et al. [41] and Fullerton et al. [42] found lower errors, which can be explained by the more advanced sensors they used. However, these sensors are approximately ten times heavier than the ThermoMAP, and need to be deployed on a helicopter or aircraft, significantly decreasing their flexibility and increasing the costs for monitoring. Water temperature errors less than 1 °C were found in studies with (1) a sensor resolution smaller than the width of the rivers or lakes, to prevent a mixed signal with the non-aquatic temperatures of the banks, (2) reference water temperature measurements in the surface water layer (top 10 cm) and not near bottom of a water body, and (3) a relatively large sensor wave length range within the thermal infrared (8–12 µm) ([41,42,43]; Supporting information: Table S1). These aspects should be considered for future monitoring campaigns.



The accuracies of the thermal images varied over the day and between locations. Time variation in accuracy is generally attributed to changes in sun angle [30], wind-driven turbulence and mixing as a result of water depth fluctuation [44]. The highest absolute errors were found during the 13:00 flight. A potential explanation for this high error might be that at midday, solar irradiation and thermal stratification of the water are high as found by Handcock et al. [42]. This results in larger differences between the remotely sensed temperature of the water surface and the reference measurements below the surface. Hence, caution should be taken when using thermal imagery collected during mid-day. The difference in water temperature and air temperature is an additional factor given the difference in sampling depth over the columns. At 07:15 the surface could be cooled by the air, whereas later in the day the air temperature exceeds the water temperature. This can explain the overestimation of TUAV after 07:15. Furthermore, temperature estimates at locations that were shaded by trees during a flight were less accurate than those at non-shaded locations. Near the in- and outflow, accuracy was most likely reduced due to fast water level fluctuations due to passing ships and the resulting rough water surface, changing the water emissivity [45]. We have performed an empirical correction for emissivity and incoming long-wave radiation with the in-situ measurements. This was acceptable given the limited expected overestimation less than 0.5 °C resulting from the high emissivity of water (>0.95) [46]. For a more physically based approach it is necessary to correct for the actual water emissivity and incoming long-wave radiation. However, the latter is not a standard meteorological parameter and has a high spatial variation. The best approach would be to also measure incoming long-wave radiation with a sensor mounted on the UAV during the flight, comparable to a hand-held spectrometer. The accuracy of the regression functions to estimate water surface temperature is also affected by spatial autocorrelation of the reference measurements. Variograms of the reference measurements showed ranges of 142 m to 250 m for the different surveys, indicating the effective sample size for the regression is smaller due to the dependence of samples close to each other. Future studies can improve their error estimation by taking the effect of autocorrelation in their reference samples into account.




4.2. Spatiotemporal Variation of Water Temperature and Habitat Suitability


Multitemporal maps of water temperatures in the side channel show a natural pattern of warming mid-day and subsequent cooling in the evening. The magnitude of this sub-daily variation in water temperature likely differs between the measured side channel and nearby groyne fields. A groyne field is the riverine area between groynes which are hydraulic engineering structures that has been constructed across river banks in order to increase water flow in the main channel. Scour holes at the end of these groynes combined with the continuous mixing of water layers by intensive navigation changes the sub-daily variation in water temperature [47,48,49]. To confirm this, in-situ measurements over the day in the groyne fields are needed.



Spatial variation of water temperature can be subdivided in horizontal and vertical variation. The horizontal spatial variation in the side channel shows that the shallow sections are relatively cool in the morning and relatively warm during mid-day. The vertical variation strongly depends on vertical mixing of the water column. The strong correlation between the Tref.10 and the Tref.50 in the side channel shows that remotely sensed thermal imagery may also be used to estimate water temperatures at depths greater than 50 cm. However, this will require ground truthing using loggers at various water depths.



During mid-day the POFs of native and alien fish species decreased as temperature rose, whereas in the evening the POFs increased again. Fish avoid exposure to high temperature by diel migration to colder habitats such as deeper habitats in the side channel, the main channel or groyne fields which act as thermal refugia [50,51,52].



In the main channel and groyne fields, fish are exposed to other stressors that are virtually absent in side channels, such as ship-induced changes in flow velocity and water levels [53]. Although these stressors are not necessarily as detrimental as high water temperatures, they may have a negative effect on the energy expenditure of fish [54,55]. Further research should focus on elucidating the extent and the cost-benefit ratio of diel migrations of freshwater fish species occurring in the river Rhine due to high temperatures as investigated by Armstrong et al. [56] for juvenile Coho Salmon. During colder seasons the elevated temperatures in side channels during the day might be beneficial as growth of larval and juvenile stages of many fish species increases with higher temperatures [57].



Alien fish species have on average higher temperature tolerances compared to native fish species [10]. As water temperatures were very high at mid-day, the side channel has a limited habitat function for native fishes, whereas in the evening the side channel can serve as a refugium, showing the need of spatiotemporal temperature measurements. This need is further supported by the error in POF estimates with Tgauge compared to TUAV. The Tgauge-based POF for native and alien fish species were overestimated by 0.093 compared to the TUAV-based POF. This overestimation translates into the absence of three native and two alien species based on a species richness of 35 native and 22 alien species in the river Rhine [10].




4.3. Added Value of Thermal Imagery to Estimate Water Temperature and Habitat Suitability


The use of UAV-based thermal imagery decreased the uncertainty in POF estimates compared to estimates using existing data from the gauging station by 63%. This improvement was even larger when the thermal imagery was calibrated with in-situ measurements (76%). These results indicate the added value of thermal imagery to model temperature-based habitat suitability of freshwater fishes, similar as in studies by Vatland et al. [22] and Dzara et al. [25]. Even without in-situ calibration, uncertainty in POF estimates is greatly reduced by using temperatures measured with thermal imagery. Even though the prediction error was lowest with the kriged water temperature using the dense network of in-situ measurements (0.35 °C), the thermal imagery is more efficient to collect and results in highly accurate temperature measurements. A UAV flight took 15 min compared to multiple hours to set up the dense network of in-situ sensors. Moreover, waterbodies with a high spatial variability in temperature, i.e., due to seepage, have a high risk of underestimating this heterogeneity with in-situ sensors [22,25]. Hence, UAVs offer a fast and flexible solution to estimate water temperature at microhabitat scale. Thermal imagery can be an efficient approach for evaluating the effects of various types of ecological restoration measures on temperature regimes of the littoral zone of rivers. For instance, along the rivers Rhine and Meuse numerous restoration measures have been taken to improve the ecological status of these rivers [58,59,60,61]. These measures often aim to (re)create spawning and nursery areas and improve habitat suitability of rheophilous fish species. Our results show that during summer periods, high water temperatures in side channels negatively affect a substantial number of native fish species. During these periods, connectivity of the side channel with the main channel is vital as it allows diel migration, enabling fish to reach habitat with suitable conditions.



To meet river management at reach scale (~100 km), Vatland et al. [22], Dzara et al. [25] and Torgersen et al. [41] performed their surveys on a much larger extent than the current study (~1 km). They studied temperature heterogeneity relevant for fish using and migrating through these large extents. As a result of this large extent, TIR images were collected in a single flight from airplanes, which have a proven high accuracy but are not easily repeated for monitoring purposes. The relatively small extent of restoration measures such as restored side channels makes them especially suitable to be studied with UAVs and our results show that these platforms provide thermal imagery with enough accuracy to monitor water temperature and its variation. The need for frequent monitoring related to the innovative status of these measures is an additional argument for the use of UAVs, because of their low cost and flexibility to deploy.



A trade-off exists between the application of thermal imagery using UAVs and the spatial and temporal scale assessed. Our study shows that within a 15-min window, water surface temperature could be measured for an area with dimensions of roughly 1000 m by 500 m. With the ongoing improvement of UAV flight time combined with a cost reduction, applicability of UAV-based thermal imagery will increase. Detailed spatial and temporal water temperature measurements allow pinpointing management decisions at the spatial scales at which species actually occur, the microhabitat. Thus, the approach enables a fast assessment of habitat suitability quickly showing bottlenecks and identifying locations where improvements are necessary. From a scientific perspective, the spatial and temporal detail combined with species monitoring increases our fundamental understanding of habitat utilization and species preferences.




4.4. Recommendations for Side Channels as Floodplain Restoration Measure


Restoration measures should aim at optimizing abiotic conditions for native fish species as alien fish species can have severe ecological impacts [62]. It might therefore be valuable to improve the thermal potential for native fishes by increasing discharge of side channels, thereby increasing water circulation through them and reducing water temperatures [63]. In addition, deeper and shaded sections can serve as cold water refugia at mid-day during warm summers [23,49,64].



To maintain habitat suitability of a side channel during low water levels, when connectivity with the main channel becomes insufficient, colder refuge areas need to be available within the side channel. Measures to preserve habitat locations of sufficiently low water temperature comprise increasing discharge through side channels, and creating deeper and shaded sections that serve as refugia during extremely hot summer periods. Such adaptations are needed because these periods are expected to occur more frequently in near future [65]. In addition, restoration measures in areas with a sufficient slope in the water table can be designed in such a way that colder seepage water enters the restored water body from surrounding soil. Our approach can be used to periodically evaluate the temperature regimes of riverine ecosystems from a habitat-suitability perspective thereby giving input to decision making on adaptive management strategies such as a consistent connectivity with the main channel and cyclic rejuvenation of side channels [66].





5. Conclusions


UAV-borne thermal imagery can be used to measure water temperature in a river side channel with high accuracy (RMSE = 0.53 °C). The side channel was characterized by spatiotemporal variation in water temperature, with the shallow sections showing relatively low temperatures in the morning and relatively high temperatures in the afternoon. During a hot day, high temperatures (25–30 °C) in the side channel resulted in reduced habitat suitability especially affecting native species. These high water temperatures stress the need to facilitate diel migration or to provide cold-water refugia. Furthermore, the use of thermal imagery decreased uncertainty in habitat-suitability estimations compared to gauging-station measurements and provided additional information on spatial patterns of temperature and habitat suitability. In this study, we established empirical relationships between UAV-borne thermal imagery and field reference data. For future studies we recommend measuring incoming long-wave radiation with a sensor mounted on the UAV to allow a more physically based prediction of the water surface temperature. UAVs offer fast and flexible water-temperature estimation at microhabitat scale, compared to time-consuming in-situ measurements.
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Figure 1. Flowchart to determine the accuracy of thermal imagery, calculate habitat suitability and to quantify the effect of the error in temperature on the POF estimations (T: temperature; UAV: unmanned airborne vehicle; SSD: species sensitivity distribution, POF: potentially occurring fraction). 
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Figure 2. (a) Location of the study area in the Netherlands, (b) river Rhine tributaries in blue, with study area along the river Waal, (c) Aerial photo of the northern side channel and groyne fields with in-situ water temperature locations (red dots), (d) Side channel subsection of study area used for assessment of heterogeneity in water temperature. 
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Figure 3. Species sensitivity distribution of maximum water temperature for native (blue; n = 35; μ = 25.4 °C; σ = 6.1 °C) and alien (red; n = 22; μ = 27.8 °C; σ = 7.0 °C) fish species occurring in the river Rhine (Data: Leuven et al. [10]). At 25 °C only 53% and 66% of the native and alien species pool can occur based on their thermal maxima, respectively. 
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Figure 4. Regression of water temperature acquired using thermal imagery (TUAV) and the in-situ reference measurements (Tref.10). 
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Figure 5. Temperature maps of the side channel in the floodplain of the river derived from uncorrected thermal imagery (°C, TUAV) during the morning (07:15), mid-day (13:00 and 15:00) and evening (19:30). Note the different color scales across the individual maps. 
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Figure 6. Box plot of the corrected water temperatures (TUAV.corr) in the studied side channel. The centerline shows the median, the boxes indicate the 25% and 75% percentile and the whiskers depict the 2.5% and 97.5% percentile. 
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Figure 7. The potentially occurring fraction (POF) of alien species in the northern side channel along the river Waal near Gameren derived from remotely sensed water temperatures during a hot summer day. 
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Figure 8. The potentially occurring fraction (POF) of alien species in the northern side channel along the river Waal near Gameren derived from remotely sensed water temperatures during a hot summer day. 
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Figure 9. The potentially occurring fraction (POF) of native (blue) and alien (red) fish species due to water temperatures during a summer day in the side channel. The centerline shows the median, the boxes indicate the 25% and 75% percentile and the whiskers indicate the 2.5% and 97.5% percentiles. 
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Figure 10. Uncertainty in potentially occurring fraction (POF) due to propagation of temperature errors for (a) native species and (b) alien species. Temperature errors are the mean difference between the in-situ measured temperatures (TRef.10) compared to (1) the corrected thermal images (TUAV,corr; light shade), (2) the thermal images collected using an UAV (TUAV; medium shade) and (3) the measured temperature at the gauging station of Lobith (Tgauge; dark shade). 
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Table 1. Characteristics of unmanned airborne vehicle (UAV) flights and sensor.
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UAV Flights




	
Flight duration

	
15 min




	
Flying altitude

	
130 m




	
Flight start times

	
07:15, 13:00, 15:00, 19:30




	
ThermoMAP sensor [37]




	
Ground resolution

	
25 cm × 25 cm




	
Radiometric sensitivity

	
7–15 µm




	
Max. response at

	
10 µm




	
Temperature resolution

	
0.1 °C




	
Temperature range

	
−40 to +160 °C




	
Temperature calibration

	
Automatic, in-flight




	
Output format

	
TIFF images




	
Weight of sensor

	
~ 134 g
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Table 2. Descriptive statistics of Tref.10 and the TUAV and the regression between the two during four UAV flights and for all flights combined. The last row shows the regression equation between Tref.10 and Tref.50, including its R2 and the overall UAV and LOOCV based RMSE of Tref.50.
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	Flight

Time
	Average

Tref.10 (°C)
	MAE (SD) +

(°C)
	Regression Equation
	R2
	UAV RMSE †

(°C)
	LOOCV RMSE ‡

(°C)





	07:15
	21.90
	0.58 (0.40)
	Tref.10 = 0.9025 TUAV + 2.5880
	0.45
	0.49
	0.38



	13:00
	26.19
	1.58 (0.52)
	Tref.10 = 1.2218 TUAV + 7.7372
	0.57
	0.73
	0.51



	15:00
	27.13
	0.92 (0.26)
	Tref.10 = 0.9595 TUAV + 0.2136
	0.71
	0.36
	0.29



	19:30
	25.61
	0.42 (0.37)
	Tref.10 = 1.5732 TUAV – 14.331
	0.74
	0.49
	0.21



	Overall
	24.94
	0.81 (0.60)
	Tref.10 = 0.7469 TUAV + 5.9301
	0.93
	0.53
	0.34



	Tref.50
	
	
	Tref.50 = 0.8085 Tref.10 + 4.2448
	0.87
	1.31
	0.46







+ MAE: mean absolute error ± SD: standard deviation. † UAV RMSE: root mean squared error of the regression between TUAV and Tref.10 ‡ LOOCV RMSE: root mean squared error of leave-one-out-cross-validation analysis of in-situ measurements.
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