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Abstract

:

Temperature and precipitation data are crucial for hydrology and meteorology. In 2014, Ecuador started an automatic gauge network which monitors these variables. The measurements are not publicly available. Global gridded datasets from numerical models and remote sensors were previously the only way to obtain measurements for temperature and precipitation. Now that in situ measurements are beginning to be available in significant quantities, we assessed the performance of IMERG, CHIRPS, GLDAS and ERA5 for both temperature and precipitation using the in situ data. We used the Pearson R correlation coefficient, ME (Mean Error), MAE (Mean Absolute Error), and RMSE (Root Mean Square Error). We found that global gridded data were more suited for determining averages over time rather than for giving exact values at specific times for in situ gauges. The Pearson R values increased for all datasets when we used monthly aggregations in place of daily aggregations, suggesting that the monthly values are more correlated than the daily. The Pearson R value for temperature increased from 0.158 to 0.719 for the ERA5 dataset. Additionally, we show the statistical values for each of the three regions in Ecuador. We found that the IMERG and CHIRPS datasets, which contain station data, performed significantly better for both RMSE and MAE. Both IMERG and CHIRPS have a RMSE value a little over 260, whereas ERA5 and GLDAS had values over 300. We discuss the short comings of these datasets as being related to their relatively coarse resolution, lack of in situ data in Ecuador to calibrate against, and the rapidly varying terrain of Ecuador. We recommend using higher temporal and spatial resolution datasets for immediate applications. We recommend repeating this analysis in the future when more automatic gauges and longer time periods are available to facilitate a more detailed analysis which is presently not possible.






Keywords:


precipitation; temperature; hydrology; remote sensing; reanalysis datasets












1. Introduction


Accurate temperature and precipitation data play an important role in hydrology and meteorology. These important climate variables are used in numerical models, environmental status and outlook products, climate change measurements, and detection of hydrologic patterns over time [1,2,3,4]. In situ measurements, or gauge data, are the typical source for this information, but many countries lack local capacity and funding to build, maintain, and operate a national gauge network [5]. Even where funding is present, it is not practical to monitor in situ measurements throughout the whole country. Kidd et al. found that only about 1% of the Earth’s surface is covered with rain gauges [6] proving that there is a substantial gap in the data provided by rain gauges alone. Gauge measurements often have incomplete spatial and temporal coverage [7,8]. Rain gauges are particularly prone to errors in regions with changing topography, such as Ecuador, where precipitation has high spatiotemporal variability [9,10]. Gauge measurements in such places likely do not accurately represent the surrounding region.



Global satellite observations and modeled data are critical to fill gaps in poorly gauged regions [11]. The global temperature and precipitation data are typically in a gridded format and either collected at or resampled to consistent temporal intervals. The data are desirable for their uniform and consistent spatiotemporal coverage. Several such global gridded datasets exist, and this paper focuses on IMERG, CHIRPS, ERA5, and GLDAS. These datasets have been evaluated throughout the world and are well documented in published research. Ecuador began a national automatic gauge network for hydrometeorological variables in 2014. The network is relatively young but has a growing number of gauges and period of record for the maintained gauges. Until this gauge network was established, nationwide in situ measurements were not available for comprehensive evaluation of remotely sensed values or calibration of models covering Ecuador.



Ecuador poses unique challenges for gauge networks because of its complex topography which includes three main regions, namely: the Andes Mountains, the Pacific coastal region, and the Amazon rainforest. Condom et al. studied in situ data in the Andean region and found only 49 stations were reported from Ecuador to OSCAR (Observing Systems Capability Analysis and Review Tool) in the WMO (World Meteorological Organization). In the same study, researchers also identified that there are significant gaps in data availability in these regions [12]. Ecuador is not adequately represented in global studies due to the limited information provided and the neighboring countries which contain the Andes mountains not contributing large amounts of data to global analyses. Furthermore, Condom et al. found that most of the stations were concentrated in the mountains and on the coast with limited data availability in the Amazon basins. This shows that there is placement bias with the gauges in Ecuador and the country is not equally represented in the available in situ data. It has been shown that the spatial distribution of gauges can impact the ability to estimate water resources [13]. Therefore, it is essential to have data distributed throughout the country of Ecuador. Ecuador is in South America which is considered a data sparse area [14]. The performance of global gridded datasets varies depending on the area studied and the conditions of the study. This shows that it is necessary to evaluate these products on a case-by-case basis. The results from one area of the world cannot be assumed to apply to other areas even if similar topographical features exist.



One validation study of global gridded datasets in the Andes observed the lack of in situ data in that region. It showed that global climate models could be downscaled to meet the need for data in ungauged areas. One of the limitations observed for a dataset that incorporates stations, such as CHIRPS, is that it is based on in situ data. This data is extremely limited in the Andean region, which affects the quality of CHIRPS in this region [12]. In northeastern Brazil, CHIRPS performed better during the wet season, and in general it overestimated low rainfall values and underestimated high rainfall values [15]. CHIRPS was compared to in situ data in Colombia. In Colombia there is an uneven distribution of rain gauges due to the complex topography. It was found that CHIRPS can be useful in understanding the rainfall in Colombia [16].



IMERG has been tested as an input into a hydrologic model in the Amazon Basin of Peru and Ecuador. It was found that the data was useful in predicting the streamflow in this data sparse region [17]. In the Andean and Amazonian subregions, IMERG performs better with larger spatiotemporal aggregations [18]. TRMM, which is a satellite that contributes to IMERG, has been tested on the Pacific Slope and Coast of Ecuador showing low bias over lowlands but more limitations over the Andes [19]. IMERG has been evaluated in various regions of the world [20]. In Europe, it was shown that IMERG underestimated precipitation in the mountainous regions [21]. In Australia, IMERG outperformed many other satellite precipitation products [22]. In Turkey, the precipitation was underestimated on the coasts [11].



ERA5 has also been validated using in situ data. A study performed in China compared ERA5 as a modeled dataset to satellite-based datasets, including IMERG, across mainland China [23]. The results show similar distributions of the mean annual precipitation between the datasets. However, generally the satellite-based products outperformed the ERA5 data [23]. GLDAS performed poorer when compared to other precipitation products in the Biliu basin in China [24].



Several temperature analyses have also been performed using these datasets. A study in the Tibetan Plateau assessed how well air temperature reanalysis datasets represented the air temperature values. It found that GLDAS 2.1 and ERA5 performed the best [25]. Ji et al. studied how the air temperature from GLDAS compared to global weather station data. They found that the air temperature in South America and Africa tended to be less accurate than in other areas of the world, and that the temperature estimates are less accurate in high mountain areas [26]. ERA5 air temperature was evaluated in Turkey and it was found to have a correlation coefficient of 0.97 [27].



Some studies compared the performance of both precipitation and temperature datasets. A study performed in Africa used both temperature and precipitation datasets as the input into the model. Different combinations of datasets performed differently, but overall, the precipitation contributes to a lot more uncertainty than the temperature does. Temperature has much smaller spatial and temporal variability than precipitation [28].



The global gridded datasets evaluated in this paper can help meet the needs of Ecuador. We chose these datasets because they contain information about temperature and/or precipitation globally, with frequent time steps. They also have data that are current and available on GEE (Google Earth Engine). As global datasets have become more widely available, GEE has made it easier to access and use large quantities of geospatial data [29,30]. GEE has been used to work with precipitation and temperature datasets in many studies [31,32,33]. GEE was chosen for this study because of ongoing projects in Ecuador by teams also using GEE. This makes our findings more useful and relevant to Instituto Nacional de Meteorología e Hidrología de Ecuador (National Institute of Meteorology and Hydrology, INAMHI). In a survey of 300 journal papers written using GEE, only one of them involved the country of Ecuador [27]. It is possible that studies were performed using alternative methods to analyze global gridded data, but this statistic does suggest that Ecuador is underrepresented in studies comparing global gridded datasets to in situ data. Additionally, the gauge network of Ecuador is also relatively new, so until recently there was not enough data to perform this type of study. The automatic gauge network in Ecuador was started in 2014, and therefore is less than ten years old. There is a network of conventional gauges with data series from around 1960, but for this study, we will use the automatic network because it provides us with hourly data. The gauge network used in this study is not publicly available data. This case study could be performed because we had access to more data than has been historically available for Ecuador. While similar studies exist in other areas of the world, this paper assesses the results in Ecuador.



This paper is a case study that aims to assess the quality of global gridded datasets over Ecuador using the observations from the new automatic gauge network that was initiated in 2014. Understanding the quality of the global datasets across Ecuador is now possible and can enable using the datasets with greater confidence to fill the gaps in recent precipitation and temperature observations as well as further into the past. We compare precipitation data from IMERG, CHIRPS, ERA5, and GLDAS as well as air temperature data from GLDAS and ERA5. We compare values from each of these datasets with a matching gauge from the Ecuador automatic network. The goal is to understand if the global datasets provide adequate coverage and accuracy to be used to fill spatial and temporal gaps in the in situ data for Ecuador. In this study, we compare the datasets using performance metrics. We perform comparisons at hourly (where available), daily, and monthly temporal aggregations. By evaluating the performance of various datasets throughout Ecuador, we provide insights into understanding the potential of global gridded data to bridge gaps in in situ data, especially in poorly gauged contexts.




2. Materials and Methods


2.1. Study Overview


We collected and preprocessed in situ data from Ecuador. Section 2.2 introduces our study area. Section 2.3 explains the quality assurance preprocessing measures we applied to the observations. Section 2.4 presents the procedures for preparing the global datasets from GEE.



Next, we computed error and performance metrics to compare the gridded and in situ datasets. The data from GEE were gridded and the in situ data were point data. We approximated the gridded data as points. Then we calculated error metrics and the Pearson R correlation coefficients.



These processes are described in Figure 1.




2.2. Study Area


Our study area for this paper is the country of Ecuador, excluding the Galapagos islands since we had no access to data from the islands. Ecuador is located on the equator in the northwest of South America. The Andean Mountains run through the center of Ecuador from north to south. The Amazon is to the east and the Pacific coast is to the west. There is a large range of elevation from the coast to the top of the Andes mountains at elevations around 6300 m. The climatology is significantly influenced by the Andes. The topography creates substantial variability and serves as a climatic barrier between the west and east side of the country. Rainfall patterns are influenced by the movement of the intertropical convergence zone, changes in sea surface temperatures, transport of moisture from the Amazon, trade winds, and the impact of Hadley and Walker circulation cells. Precipitation along the coast has an annual average around 1600 mm while certain stations in the Andes record less than 900 mm. A total of 80% of rainfall occurs during the wet season between December and May [34].




2.3. Collecting and Preprocessing In Situ Data


We obtained hourly in situ precipitation and temperature data for our analysis from the INAMHI. The data were provided as part of a collaborative project and covers nine full years from January 2014 to December 2022.



We selected data from an initial database of 132 stations with temperature and precipitation data from INAMHI. Based on data quality, consistency in station coordinates, and data series records, we initially kept the data from 80 stations for precipitation and 83 for temperature, as shown in Figure 2. The gauges are not evenly distributed. Most gauges are located near Quito. There are only a few gauges in the Amazon Rainforest, to the east of the Andes. This is shown in Table 1.



The in situ devices recorded hourly measurements, but several had occasional gaps in coverage. These temporal gaps spanned anywhere from a couple of hours to a couple of months. Each station covered different date ranges, as shown in Figure 3. In this chart, each bar on the x-axis represents a station and the y-axis indicates the available data ranged from 2014 to 2022. The bar starts at the first recorded date of the station and extends to the last recorded date in the station. The graphic does not show the temporal gaps in the data. Each line in the figure represents a station and the length represents the duration of the station. Some stations had large amounts of available data whereas others only had data for short time periods. The start of INAMHI’s automatic weather stations (AWS) network began in the year 2014, and this is the reason for the data starting then. Figure 3 also reveals that around 30 stations have data covering the entire period from 2014 to 2022. More than half of the in situ data covers shorter intervals. Several were discontinued near the beginning of 2018 or began later in the same year. These changes are due to shifting priorities and funding adjustments for AWS maintenance. The period with the most stations available was in 2016.



We are aware that there are limitations to using a gauge network with fewer years of data. Due to this limitation, data were not grouped by annual or seasonal values because there are not enough available data to be able to properly compare at these scales. Furthermore, with the limited data, outliers have a chance of having a larger impact on the data. We are also aware that this could lead to limitations in the accuracy of our results.



Additionally, portions of the data were unusable and needed to be removed. The in situ data had inconsistencies, including values that were outside a possible range in Ecuador. Therefore, we applied techniques to filter the data. First, we removed all temperature values that were exactly equal to 0. Due to the abundance of 0 values in our dataset, we suspected that 0 denoted a missing value rather than an actual temperature reading. We assumed that instances of exactly 0 degrees Celsius were rare, as opposed to values such as 0.1 or −0.1, and thus the loss of data due to this exclusion was minimal. We also removed any temperature values that were below −30 degrees Celsius or above 45 degrees Celsius. These values are outside a possible range of temperature values in the country of Ecuador.



We excluded negative values and those exceeding 320 mm/h for precipitation. We chose this value because it is slightly above the world record rainfall recorded according to the Army Corps of Engineers [35]. Some stations recorded values where hourly precipitation was over 1000 mm. We assumed that if Ecuador was recording values higher than the world record in their rain gauges it would have been documented as a record-breaking storm. In some of the stations, most values were above 320 mm or below zero. Therefore, we chose to remove them from the study because we could not verify that the other numbers in the stations were correct. Three stations were removed entirely from the precipitation data comparisons because of this filtering.




2.4. Collecting Gridded Data


IMERG, CHIRPS, GLDAS and ERA5 were used as the global gridded datasets to be examined in this study. Each uses slightly different methods to collect its values. IMERG (Integrated Multi-SatellitE Retrievals for GPM), produced by NASA (National Aeronautics and Space Administration) and JAXA (Japan Aerospace Exploration Agency), uses information from GPM (Global Precipitation Measurement) to produce global precipitation data. IMERG aims to combine precipitation estimates from microwave sensors with infrared-based observations. These measurements are validated using ground-based observations [36]. CHIRPS (Climate Hazards Infrared Precipitation with Stations) dataset uses the Cold Cloud Duration (CCD) method to approximate rainfall. CHIRPS is a blend of station data and satellite data. CHIRPS uses TMPA (TRMM Multi-Satellite Precipitation Analysis) to calibrate global CCD products and interpolated gauge products. It aims to fill the gaps in datasets by being low latency, having a high resolution, and a long period of record [37]. ERA5 (ECMWF Re-Analysis) is the successor of ECMWF’s (European Centre for Medium-Range Weather Forecasts) ERA-Interim reanalysis dataset and contains data from 1950 to the present. ERA5 is built from data that is based on the IFS (Integrated Forecast System) model cycle Cy41r2. It also uses LDAS (land data assimilation) to analyze land surface variables [38]. GLDAS (Global Land Data Assimilation System) uses ground and space-based observation systems to constrain the data. The land surface model is forced with meteorological data that drives the land surface model [39]. GLDAS produces data for many different variables, but we use only temperature and precipitation. Both variables are forcing variables of the model and therefore are not an output from the model.



We used GEE to obtain and process the remote sensing data for this project. The information for the datasets we used is presented in Table 2. The specific GEE identifiers and band names we chose to use in this study are given and further details are provided by GEE at the GEE data catalog: https://developers.google.com/earth-engine/datasets (accessed on 15 June 2023).




2.5. Performance Metrics at Discrete Points


To compare the raster data to point data, we extracted values from the gridded data at the cells containing the in situ stations. If multiple stations were contained within the same cell, we compared each station separately to the values at that cell. Then, we filtered the data so that it matched the date range that was available for the in situ data. The result is a time series of values from each of the GEE datasets for the corresponding location and times of each of the gauges. This allowed us to calculate error and performance metrics based on the time series data. We calculated the sum for each time step used for precipitation and the averages for precipitation.



There were many gaps in the time steps of our data. When doing monthly comparisons, we removed all months where the in situ data did not have values from at least 15 days. This ensures that we are using months where the in situ values are representative of the whole month. This applies when we did monthly comparisons for all types of tests.



We chose to focus on mean error (ME), root mean square error (RMSE), mean absolute error (MAE), and Pearson correlation coefficient (R). We also calculated the p-value using the paired t-test for temperature. We used the SciPy package to calculate for Pearson R and paired t-test values [42]. We calculated each of these values using different temporal groupings. For temperature, we used hourly for ERA-5 and 3-hourly for GLDAS, daily averages, and monthly averages. For the precipitation data, we used daily and monthly sums.



The following equations were used:
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Using temperature data, we performed a paired t-test with the hypothesis of equal means to show whether the differences in the datasets were significant. We did not perform this test with the precipitation data because the large number of zeros in the precipitation data creates significant skew. The precipitation data are not normally distributed and are not easily transformed to fit a normal distribution. RMSE, MAE, and ME are measured in Celsius for temperature and millimeters for precipitation. They indicate the typical magnitude of error between each dataset and the in situ data. Values closer to zero indicate better performance. We chose ME to show the bias of the dataset. RMSE shows the overall spread of the errors with errors that are greater being weighted more. The Pearson R correlation coefficient shows the correlation of the data and whether the datasets are identifying the same trends. The Pearson R values could range from negative one to one and values closer to one indicate better performance. Values closer to one show that the data is highly positively correlated, suggesting that it is more likely that the two datasets are showing the same trends over time. We created maps of the gauge locations colored by their values in each statistic to see how the global gridded data performed in different areas of Ecuador.



We feel that the metrics we chose helped to portray the error, bias, and correlation between the datasets. These performance metrics were also chosen based on our available data. In this study, we compare monthly and daily aggregations for precipitation data instead of hourly values. This is due to the missing values in the in situ data and different temporal resolutions of the global gridded data. Therefore, it was not reasonable for us to perform a false alarm ratio or probability of detection, even though it was prevalent in other studies [23,24].



As we began to evaluate the in situ data, we noticed that a couple of additional stations needed to be removed from the evaluation process. We calculated the RMSE, and six stations had much larger RMSE than the rest of the stations for all four of the datasets. The values ranged between 1000 and greater than 10,000. The RMSE for these six stations were outliers for every dataset. We found that many of the values for those six stations were removed already due to the parameters explained. Many of the remaining values had repeated hourly values that were quite high. While these values were not removed by themselves because they were beneath our threshold, the total sum for daily precipitation was higher than is possible. These stations were removed from the precipitation in situ data because they appear to be inaccurate in representing true precipitation values based on their consistently high RMSE values when compared against the global gridded data.



Figure 4 shows a box and whisker plot of the RMSE values once the stations were removed. These stations were all used in the analysis. As we proceeded with the analysis, the values from the removed stations were not included in the results for precipitation.



Once these stations were removed, we proceeded with the analysis of comparing the datasets. Information about the error metrics and Pearson R values are presented. Finally, we present scatterplots where we graphed the in situ data versus the global datasets. This allowed us to visualize the spread of the data and to see how the data compared.





3. Results


3.1. Performance Metrics of Temperature


3.1.1. Paired t-Test p-Values


We performed several tests to compare values at discrete points between in situ data and the global gridded datasets as described in Section 2.4. The paired t-test returns a p-value for the temperature comparison for each station. Table 3 shows the average p-values returned from this test and the number of stations with a p-value > 0.05. Stations with p > 0.05 means those stations have no statistically significant difference at the 95% confidence level. The table shows that the p-value increased as the temporal aggregation of the data increased. The p-values are lower for daily average comparisons and larger for monthly average comparisons. This means the difference is less statistically significant at coarser time steps.




3.1.2. Pearson R Correlation Coefficient


We computed the Pearson R correlation coefficient between the in situ data and the gridded data at each available station. The Pearson R was calculated using all data pairs, daily average pairs, and monthly average pairs. Values closer to one show that the values between in situ data and the global data are highly positively correlated. We found the Pearson R at each station individually and then averaged the results (Table 4). The average correlation coefficient increased with greater temporal aggregations, like the results from the paired t-test. Figure 5 shows boxplots of the correlation coefficient values for each of the different stations. Each plot in the figure represents the Pearson R values at different temporal groupings. The top plot shows the results for the GLDAS data, and the bottom shows the results from ERA5. The boxplots show the average Pearson R value increasing as the temporal groupings increased. The GLDAS plot has a larger spread between the values as the temporal aggregations increase. Both datasets show that there are some values with negative correlation coefficients.




3.1.3. Error Metrics


We calculated the ME, RMSE, and MAE error metrics between gridded data and in situ data for temperature measurements. Table 5 shows the results from the error metrics for both daily and monthly temporal aggregations for temperature data. These values are in degrees Celsius.



Additionally, Table 6 was created to show the error metrics spread out through Ecuador. The metrics are shown based on the results from each region in Ecuador. To help visualize this data, a map was created to show the spread of the ME throughout Ecuador. Figure 6 presents a map depicting ME values for temperature at each station. Each dot represents a station, and they are colored to match the ME value at the corresponding station. In the map showing the GLDAS error, the stations by the coast all have a mean error closer to zero when compared with other regions.




3.1.4. Scatterplots


To visualize the difference between the different datasets, we created scatterplots of gridded temperature values and corresponding in situ values. We did this with all available data as well as with daily and monthly groupings. Figure 7 shows the scatterplots created for temperature. In situ measurements are given on the x-axis and the global dataset’s value is on the y-axis. The red line is a least squares trend line, or line of best fit, for the data. The equation is shown in the upper left corner. The black line shows the values for the line y = x, which represents what the values would be for the data if the in situ data and global gridded data reported the same values. The graphs show the overall spread of the data. As the temporal grouping of the data increases, the overall spread of the data decreases.





3.2. Performance Metrics of Precipitation


3.2.1. Pearson R Correlation Coefficient


We calculated the Pearson R correlation coefficient values for precipitation. Table 7 displays Pearson R values for precipitation, calculated using daily and monthly precipitation sums. Figure 8 shows the boxplots with the values of Pearson R for each of the different datasets. There are four plots in the figure, each representing the results from a different precipitation dataset. The boxplots show that the range of values from the stations also increased as the temporal aggregation increased. We observed that the Pearson R values increased as the temporal aggregations increased from daily to monthly. Figure 9 shows a map of the Pearson R values throughout Ecuador. The values in the map are based on the monthly sums.




3.2.2. Error Metrics


We also calculated the error metrics based on the location of each station. This shows how the error metrics are spread throughout the country of Ecuador. Table 8 shows the error metrics in mm for precipitation. The values are based on monthly cumulative values.



To visualize the results from the table, maps were created showing the values at each station spread throughout Ecuador. Figure 10 is a map of the RMSE values for each station throughout Ecuador. The values are shown in millimeters of precipitation. The light black line shows the three different regions in Ecuador. The furthest west in the coast, the center region is the mountain region, and the east region is the Amazon. We used the monthly sums to compare the maps. The map shows how the values of the error metrics are spread through Ecuador.




3.2.3. Scatterplots


Additionally, we created scatterplots showing the comparison of the in situ and global gridded data. Figure 11 shows the scatterplots produced for the daily sums in millimeters of precipitation. Figure 12 shows the scatterplots based on monthly sums of precipitation in millimeters.






4. Discussion


4.1. Limitations


We identified gauges and individual measurements where the measurements were suspect. These errors may be due to errors in recording or measuring the data. We attempted to filter the data to remove all unrealistic values, including negative precipitation values and impossibly high temperatures. It is possible that other values were also incorrectly recorded, or the measurement devices were inaccurate. Furthermore, numerous stations exhibited temporal gaps and missing values at certain intervals. These gaps could impact the outcomes of daily or monthly aggregation analyses. We attempted to identify these stations and exclude values or stations to avoid unfair comparisons and inaccurate representations of the gauge or global data.



The challenges with in situ data is not a problem unique to this study [7,9]. Researchers have also highlighted that remote areas of the world and developing countries have sparse rain gauges [14,26]. We found this was true in the Ecuadorian gauge network where there are significantly fewer gauges in the Amazon region which is less populated.



Furthermore, the gauges were sparsely located, with only about 30 of the gauges having data that expanded throughout the entire duration of the study (2014 to 2022). However, this sort of problem exists in many other countries and situations as well [6,16,17]. Areas of the world are not equally represented in the global gridded datasets [12]. This highlights the importance of more data collection in data sparse areas. This is similar to the conclusions made in a study performed in the tropical Andes which highlights the need for a good gauge network to evaluate satellite products [18].



The global gridded datasets used in this study also have limitations due to the size and changing terrain in Ecuador. Ecuador includes areas in the Amazon rainforest, the coast, and the Andes mountains. These different geographical features affect the temperature and precipitation of a given area. Many studies have noted how temperature and precipitation vary greatly with space and time [11,43]. The resolution of the global gridded data is coarse compared with the rapidly varying terrain in Ecuador. The gridded datasets likely had difficulty capturing the complexity of the terrain. Therefore, remote sensing-based and modeled data may perform better when showing a general overview of an area rather than values at specific points.



Additionally, each of these gauges has different spatial resolutions. For example, CHIRPS has a resolution of 0.05 degrees whereas GLDAS only has a resolution of 0.25 degrees. The spatial resolution of the datasets was not altered as part of this study. Therefore, the different spatial resolution affected the performance of the datasets. A dataset with a higher spatial resolution has an advantage when matching data at discrete points.



Our analysis proves the datasets perform well at coarser temporal aggregations and have higher correlations over time. This means that specific values at a single time step may be less accurate, but the overall averages from the global gridded products are suitable for monitoring as well as status and outlook product applications. We can use the global gridded datasets when in situ data is unavailable to show the trends of temperature and precipitation over time. This is important to understand as global gridded datasets are used in producing status and outlook products and this shows how they can be used in decision making situations.



It has been suggested in other studies that satellite data can help provide answers in ungauged areas, especially when there are limited gauges available. However, the satellite data has a large amount of variability [7]. We agree with these existing conclusions that satellite data can be useful under certain conditions and show that these same ideas extend to Ecuador. Because of the coarseness of the gridded data and relative sparsity of gauge data, our conclusions in this study should be limited. We acknowledge that the resolution and availability of data and the size of Ecuador forced us to compare data that may not fairly assess the skill of modeled or remotely sensed data in general. These conclusions apply specifically to Ecuador and are not necessarily reflective of the global performance of these datasets.



Our study also underscores the importance of increased spatial and temporal resolution of globally available gridded datasets for temperature and precipitation. We focused on datasets available on GEE because they were most likely to be used given the other current and future research projects. New datasets are being produced which may perform better than the datasets analyzed here. The higher resolution datasets likely have greater potential to fill in gaps and otherwise complement the in situ data because they do not have spatial or temporal gaps and more sufficiently measure variation across the unique terrain constraints in Ecuador.




4.2. Temperature


The temperature data was available on hourly time steps, and when compared against the 3-hourly GLDAS data and hourly ERA5 data, the p-value of the paired t-test was under 0.05 at every station. The difference between the in situ stations and the global gridded datasets was considered statistically significant at every station. However, the p-value of the paired t-test increased along with the plausibility of no statistically significant difference when the data was instead compared using daily and monthly averages. The change is at least partially due to the decreased sample size of months to compare. Nevertheless, the result agrees with trends seen in error metrics which improved at coarser time steps, such as is shown in Figure 7. Those results corroborate our conclusions that the global datasets perform better at longer time steps. As we group the data by daily and monthly averages, the spread of our data greatly decreased. This shows that there are fewer outliers and that the global gridded datasets are estimating values that are closer to the observed values.



The error metrics from the temperature data show that on average the temperature was underestimated with both GLDAS and ERA5 due to the negative ME values. They had an ME of −1.419 and −1.144, respectively, when comparing daily averages. The MAE value showed a lower accuracy than the ME values. This shows that some of the ME values are being cancelled out by having both positive and negative values. However, when looking at the MAE, it is still only 2.07 on average when comparing monthly values (see Table 6). We expect this to be an acceptable amount of error for various applications such as producing status and outlook summaries using these datasets. We are still able to understand the temperature trends in the country and tell if the temperature is warmer or colder than normal. This aligns with what has been found in other studies which show that GLDAS generally has accurate temperature values [26].



It was found that the error metrics are lower on the coast than in the Amazon or mountains as shown in Table 5. Land surface temperature has been found to vary as much as 10 degrees Celsius over just a few centimeters [43]. It would therefore make sense that the air temperature over a complex topography, such as the mountains, would make it more difficult to obtain accurate numbers.



The GLDAS sensor had a higher average p-value and a higher average correlation coefficient for temperature when every value was considered. However, temporal aggregations improved the ERA5 correlation coefficient much more than it improved the GLDAS correlation coefficient. It should be noted that GLDAS uses 3-hourly values, so this difference could be in part due to the lower temporal resolution of the GLDAS data when comparing all given values. ERA5 had a higher correlation coefficient when looking at daily and monthly averages. ERA5 also had a lower RMSE and ME. This suggests that on average, the ERA5 temperature data is more accurate for daily and monthly averages in Ecuador. This could in part be attributed to the fact that GLDAS has a much lower spatial resolution than ERA5.




4.3. Precipitation


When observing Table 8, we see that the ME values for precipitation are negative in the coastal region and positive in the mountainous areas. This means that in general, precipitation was being underestimated in the coastal areas and overestimated in the mountains. This is similar to what was found in Colombia when comparing daily IMERG data [44]. Table 8 also shows that the ME, MAE and RMSE are worse for the coastal regions than the other regions. This is similar to what was found in India, where it was found that biases were higher on the periphery of the country [31]. The absolute value of the ME is always lower than the RMSE and MAE. This shows that the errors are both positive and negative depending on the month, causing them to cancel each other out.



Some of the stations have Pearson R values close to one, while others have values that are negative. This could be caused in part by the missing time steps in the in situ data. Even though months with less than half the days were filtered out when comparing monthly data, months could still be missing many values causing the in situ data to be much lower than it would be otherwise. Overall, it appears that the global datasets had better error metrics in the mountainous areas, but a better Pearson R value in the coastal areas. The Pearson R value is significantly lower in the Amazon areas.



IMERG has the highest average correlation coefficient. IMERG has often been found to outperform other products, including in Australia [22], and China, where it outperformed ERA5 data specifically [23].



CHIRPS had the lowest MAE of all precipitation datasets in every region. CHIRPS has a higher spatial resolution which could in part account for this. In this study, however, CHIRPS performed significantly worse than it has in other studies of the Amazon where the MAE and RMSE were found to be much lower [45]. Several factors could account for this, including the way the data was aggregated, the missing in situ values and the fact that only 16 stations in the Amazon region were available for use in this study.



CHIRPS and IMERG were best at several metrics showing the added benefit of assimilating gauge data regardless of their difference in spatial and temporal resolutions. Both IMERG and CHIRPS use station data when providing precipitation values [36,37]. We are unaware of how many of the Ecuador stations were used in the IMERG and CHIRPS data production. Therefore, we recommend Ecuador continue pursuing data sharing practices that allow precipitation products to improve in Ecuador.




4.4. Comparison of Temperature and Precipitation Data


In this study, the temperature datasets performed better than the precipitation datasets. The average Pearson R value for monthly values is 0.48 for precipitation and 0.64 for temperature. This suggests the temperature data is more correlated than the precipitation. This same thing has been found in other studies as well [28]. This suggests that global gridded data is doing a better job at estimating the values for temperature than for precipitation.





5. Conclusions


In this paper, we aimed to compare global gridded datasets to in situ data in Ecuador. We present four major conclusions: (1) The limited networks and gaps in the data highlight the need for global gridded datasets, such as those being examined in this paper, to provide a viable alternative for decision makers as well as the need to increase the in situ coverage nationwide; (2) Monthly aggregations tend to better represent the results than daily aggregations; (3) Geographical features impact the performance of the global gridded datasets; (4) The global gridded datasets may be sufficient to fill gaps in the in situ data.



Our study was limited by the availability of data and the gaps present in the in situ data. We also had to consider the different temporal resolutions of the global gridded data. Therefore, we were unable to perform the false alarm ratio and probability of detection due to focusing more on monthly aggregations than on hourly timesteps. With more data available, assessing these things could help add to our understanding of how the global gridded datasets are performing. The gaps in our data also highlighted the need for continual improvement of global gridded data that can help fill these gaps in for decision makers.



We found the RMSE, ME, and Pearson R correlation coefficient at specific points and reported the metrics based on their geographic region within Ecuador. For temperature, the coastal area had the lowest error with a ME value of only −0.65 and an RMSE value of 1.42. We found that geographical features do impact the performance of the global gridded datasets, especially the mountains, which impacts both temperature and precipitation. When comparing precipitation values, the correlation coefficient was highest on the coast, with a value of 0.6. The Amazon had the lowest correlation coefficient of 0.14. We show that global gridded datasets perform better when showing the trends of data at daily or monthly temporal aggregations. Overall, our results suggest that the global gridded datasets do a poor job approximating exact values at specific points but can be representative of monthly averages. Therefore, the global gridded datasets can begin to fill gaps in data for decision makers in this way.



We recommend that similar studies be performed in other data sparse regions so that global temperature and precipitation dataset producers can better understand the performance of their models in places they previously could not evaluate. We recommend that similar evaluations be performed in Ecuador as the automatic gauge network matures to cover more areas and have longer periods of record. More in situ measurements will allow for analysis, which is currently not possible. We recommend these global datasets for applications in evaluating historical and real-time trends in precipitation and temperature to create status and outlook summaries. We showed that IMERG, CHIRPS, GLDAS and ERA5 can all be used to show how current conditions compare to past conditions using monthly averages since they had the highest performance measures at coarser time steps.
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Figure 1. Flowchart showing the methods section. 
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Figure 2. Locations of the stations provided by INAMHI. 
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Figure 3. A bar graph where each bar represents a station, and the height represents the length of coverage from each station’s first and last reported measurements. 
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Figure 4. RMSE values in mm of precipitation for each of the four precipitation datasets after the six outliers were removed. The circles represent the remaining outliers in the dataset. 
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Figure 5. Boxplots of Pearson R values showing different temporal groupings for both ERA5 and GLDAS. The circles show the remaining outliers in the dataset. 
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Figure 6. ME values compared to the in situ temperature data in Celsius. 
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Figure 7. Scatterplots for temperature comparing the in situ values and their paired gridded dataset values using all the stations. The x-axis position indicates in situ data values, while the y-axis position indicates values from global data. The black line represents the line y = x. 
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Figure 8. Boxplots of the Pearson R values based on daily and monthly sums of precipitation at each station for the four different datasets. The dots represent the remaining outliers in the dataset. 
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Figure 9. Pearson R values for monthly precipitation at each of the stations in Ecuador. 
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Figure 10. RMSE of monthly precipitation sums at each of the stations in Ecuador. 
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Figure 11. Precipitation scatter plots showing the in situ data compared global gridded data using daily sums of precipitation in mm. The x-axis position of each dot indicates in situ data values, while the y-axis position indicates values from global data. The black line represents the line y = x. 
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Figure 12. Scatter plots showing the in situ data compared to global gridded data using monthly sums in mm of precipitation. The x-axis position of each dot indicates in situ data values, while the y-axis position indicates values from global data. The black line represents the line y = x. 






Figure 12. Scatter plots showing the in situ data compared to global gridded data using monthly sums in mm of precipitation. The x-axis position of each dot indicates in situ data values, while the y-axis position indicates values from global data. The black line represents the line y = x.



[image: Remotesensing 15 05713 g012]







 





Table 1. Precipitation stations with data in each of the subregions.
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	Number of Precipitation Stations





	Amazon
	16



	Coast
	21



	Mountains
	38










 





Table 2. Summary of Datasets from GEE.
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	GEE Identifier
	Band Name
	Spatial Resolution
	Temporal Resolution
	Citation





	GLDAS
	NASA/GLDAS/V021/NOAH/G025/T3H
	Tair_f_inst,

Rain_f_tavg
	¼ degrees latitude
	3 h
	[39]



	ERA5
	ECMWF/ERA5_LAND/HOURLY
	temperature_2m,

total_precipitation_hourly
	0.1 degrees latitude
	1 h
	[40]



	IMERG
	NASA/GPM_L3/IMERG_V06
	HQprecipitation
	0.1 degrees latitude
	30 min
	[41]



	CHIRPS
	UCSB-CHG/CHIRPS/DAILY
	precipitation
	0.05 degrees latitude
	daily
	[37]










 





Table 3. Results from the paired t-test for temperature measurements.
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ERA 5

	
GLDAS




	

	
p-Value

	
Stations with

p-Value > 0.05

	
p-Value

	
Stations with

p-Value > 0.05






	
Hourly (ERA5) or 3-hourly (GLDAS

	
<0.001

	
0

	
0.00186

	
0




	
Daily Averages

	
0.0007

	
0

	
0.0106

	
2




	
Monthly Averages

	
0.0253

	
6

	
0.0676

	
13











 





Table 4. Pearson R values for temperature.
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	ERA5
	GLDAS





	All Available Data
	0.158
	0.267



	Daily Averages
	0.593
	0.490



	Monthly Averages
	0.719
	0.556










 





Table 5. Error metrics for temperature measurements in Celsius based on daily and monthly averages.
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Daily

	
Monthly




	

	
ME

	
RMSE

	
ME

	
RMSE






	
ERA5

	
−1.144

	
2.020

	
−1.147

	
1.797




	
GLDAS

	
−1.419

	
2.784

	
−1.423

	
2.567











 





Table 6. Performance metrics for temperature measurements in Celsius grouped by regions of Ecuador.
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	Dataset
	Statistics
	Amazon
	Mountain
	Coast
	AVERAGE





	GLDAS
	MAE
	2.80
	2.96
	1.24
	2.44



	
	ME
	−2.63
	−1.39
	−0.38
	−1.42



	
	R
	0.54
	0.56
	0.56
	0.56



	
	RMSE
	2.95
	3.05
	1.39
	2.57



	
	p-values
	0.05
	0.03
	0.12
	0.06



	ERA5
	MAE
	1.67
	1.93
	1.30
	1.69



	
	ME
	−1.26
	−1.22
	−0.92
	−1.15



	
	R
	0.77
	0.70
	0.71
	0.72



	
	RMSE
	1.78
	2.01
	1.45
	1.80



	
	p-values
	0.0003
	0.02
	0.05
	0.03



	AVERAGE
	MAE
	2.23
	2.45
	1.27
	2.07



	
	ME
	−1.95
	−1.30
	−0.65
	−1.29



	
	R
	0.65
	0.63
	0.64
	0.64



	
	RMSE
	2.37
	2.53
	1.42
	2.18



	
	p-values
	0.03
	0.03
	0.08
	0.04










 





Table 7. Pearson R values for each precipitation dataset with different temporal groupings.
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	ERA5
	GLDAS
	IMERG
	CHIRPS





	Daily Sums
	0.313
	0.269
	0.386
	0.239



	Monthly Sums
	0.50
	0.422
	0.524
	0.473










 





Table 8. Error metrics for the four precipitation datasets in millimeters based on monthly sums grouped by region of Ecuador.
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	Dataset
	Statistic
	Amazon
	Mountain
	Coast
	AVERAGE





	CHIRPS
	MAE
	161.28
	54.54
	254.08
	133.18



	
	ME
	68.35
	10.67
	−122.07
	−14.19



	
	R
	0.10
	0.54
	0.61
	0.47



	
	RMSE
	201.10
	76.68
	653.58
	264.76



	IMERG
	MAE
	137.32
	81.34
	247.87
	139.91



	
	ME
	−79.94
	35.35
	−162.60
	−44.67



	
	R
	0.23
	0.60
	0.59
	0.52



	
	RMSE
	167.95
	104.65
	615.96
	261.32



	ERA5
	MAE
	176.16
	167.45
	344.85
	218.98



	
	ME
	71.65
	157.59
	−27.89
	87.32



	
	R
	0.14
	0.60
	0.61
	0.50



	
	RMSE
	206.57
	189.69
	716.05
	340.67



	GLDAS
	MAE
	155.24
	132.28
	288.32
	180.87



	
	ME
	−29.98
	102.25
	−113.24
	13.70



	
	R
	0.10
	0.45
	0.60
	0.42



	
	RMSE
	189.32
	174.77
	660.47
	313.87



	AVERAGE
	MAE
	157.51
	108.37
	283.78
	168.24



	
	ME
	7.52
	76.46
	−106.45
	10.54



	
	R
	0.14
	0.55
	0.60
	0.48



	
	RMSE
	191.24
	136.45
	661.51
	295.16
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