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Abstract


Geospatial tools and geocoding systems play an increasingly significant role in the modernization and operation of municipal water utility networks. This research explored how geocoding systems could improve network management, facilitate leak detection, and enhance hydraulic modeling accuracy. Various geocoding services, including Google, Bing Maps, and OpenStreetMap APIs were analyzed using address data from a small Central European municipality. The analysis was performed in February and March of 2024. The accuracy and efficiency of these systems in handling spatial data for domestic water networks were assessed and results showed that geocoding accuracy depended on the quality of the service provider databases and the formatting of input data. Google proved the most reliable, while Bing and OpenStreetMap were less accurate. Additionally, the Location Database developed by Lechner Knowledge Center was used as a reliable local reference for comparison with global services. Geocoding results were integrated into GIS softwares (Google Earth ver. 7.3.6.9796, QGIS ver. 3.36, ArcGIS ver 10.8.2) to enable spatial analysis and comparison of geographic coordinates. The findings highlight geocoding’s critical role in efficient water network management, particularly for mapping consumer data and rapidly localizing leaks and breaks. Our findings directly support hydraulic modeling tasks, contributing to sustainable operations and cost-effective interventions.






Keywords:


address-matching; geocoding; GIS; network analysis; topological model; water supply systems












1. Introduction


Effective urban water management is essential for the design and operation of water supply systems [1]. Ensuring the performance and sustainability of these networks is crucial to meet the growing water demand of cities [2,3]. A forward-looking strategy includes water reuse, resource conservation, and the promotion of environmentally sound management. At the forefront of sustainability, urban water management needs to use innovative solutions to create a resilient and environmentally responsible future [4]. The condition of water networks often deteriorates over time due to poor maintenance or neglect [5]. Public water supply systems are critical infrastructure and require increased resilience to natural disasters [6], human interference [7], and the effects of ageing [8]. It is essential to maintain high service standards by ensuring a reliable and continuous supply of water that meets the needs of consumers in terms of quality, quantity, and pressure [9].



Accurate hydraulic modeling of municipal water distribution networks necessitates the precise allocation of consumer demand data to corresponding nodes within the network topology [10]. This process is essential for simulating system behavior under various operational scenarios and for effective decision-making in water resource management. A critical initial step involves determining the most accurate method for processing available data, particularly in associating billing information with the hydraulic model’s topology [11,12].



Traditional approaches often face challenges due to the lack of integration between technical management and billing software used in the water utility sector. This absence of connectivity can hinder the extraction and spatial linking of address data for modelling. For instance, the manual assignment of water demands to a hydraulic model is not only time-consuming but also prone to inaccuracies, especially in large-scale networks [13]. The digital water age could help in overcoming challenges faced by traditional approaches due to the lack of integration between technical management and billing software used in the water utility sector [14].



To address the integration challenges, geocoding—the process of converting address data into geographic coordinates—has become an essential tool in hydraulic modeling and water utility management [15]. By spatially associating billing address data with specific nodes in the hydraulic network topology, utilities could achieve greater precision in demand allocation [16]. However, the integration of geocoded data into hydraulic models remains unexplored, particularly in regions where geospatial tools and databases are inconsistently applied. Several studies have demonstrated the importance of geospatial solutions in water network management, including their role in optimizing leak detection [17], improving operational efficiency [18], and enhancing model calibration [19].



Singh (2017) evaluated the geographical inconsistencies and errors in geocoding when using two freely available tools, Google Sheets and ggmap. A sample of 200 restaurant addresses in California was geocoded, and the results were validated applying QGIS, Google Maps, OpenStreetMap (OSM), and Google Earth. While both tools successfully geocoded all addresses, ggmap exhibited notable errors, including eight cases where locations were incorrectly assigned to a position over 2000 miles away due to the presence of an ampersand character in the address data [20]. Chow et al. (2015) systematically examined geographic disparities in positional errors and matching rates among various geocoding solutions. Applying 1100 residential addresses across Texas, USA, eight geocoding platforms, including Google Maps, Bing, OpenStreetMap, and ArcGIS, were evaluated for their accuracy against GPS and manually digitized reference data. The results revealed significant differences in geocoding accuracy between urban and rural areas, as well as varying performances across platforms, with parcel-based geocoding achieving the highest accuracy [21]. These findings emphasize the importance of selecting appropriate geocoding solutions to minimize errors and inform spatial analyses and decision-making processes.



Geocoding applications in water utility management face several challenges, particularly in regions with fragmented or outdated spatial data infrastructure, where research on feasibility and accuracy is limited [22]. Additionally, the integration of geocoded billing data into hydraulic models presents significant technical and operational hurdles, with few methodologies specifically designed for such networks. While the theoretical advantages of geocoding for demand allocation are well-established, empirical evidence on its impact on network performance and management efficiency remains scarce [23].



Despite the advances in digitalization, significant barriers persist; address data in billing systems are often stored in formats unsuitable for geospatial processing, and discrepancies between technical and administrative datasets further complicate integration efforts [24]. Moreover, geocoding accuracy is influenced by the quality of geospatial databases, which could vary significantly regionally [25,26]. Studies on geocoding in water utility networks have typically focused on developed regions with robust spatial data infrastructure [27] leaving a research gap in understanding its applicability in resource-constrained settings.



Our research aimed to address existing gaps by introducing and evaluating existing approaches for associating billing data with hydraulic model nodes using geocoding techniques, but for a less investigated, Central-European geography. We investigated the challenges and opportunities of leveraging geocoding for water utility management, emphasizing the precision of geocoding services, the integration of geocoded data into GIS-based hydraulic models, and their implications for operational decision-making. Specifically, the research objective was to evaluate the accuracy and success rates of various geocoding services by analyzing address data from the selected study site. The process involved geocoding the address data applying multiple services, analyzing the geographic coordinates to determine hit rates and relative accuracy, and assessing the applicability of each service in reconstructing, hydraulically modeling, and optimizing domestic drinking water networks. Based on the findings, we provide recommendations for the role and usability of geocoding services in enhancing the efficiency of water network operations and improving decision-making in water utility management.




2. Materials and Methods


2.1. Data Preparation


Ladánybene is a small municipality in Hungary, characterized by a dispersed rural settlement pattern. The location is in the Northern Hemisphere, at a latitude of 47°02′05″ N and a longitude of 19°27′26″ E. The local water distribution network serves 384 consumer locations, ensuring a reliable water supply to households and small businesses. The network was designed to meet the needs of a predominantly residential community, with low to moderate water demand. The adequate supply of water is ensured from subsurface water sources, specifically from drilled wells. There is a single feed point to the municipal network. To establish the proper pressure conditions, a water tower has been constructed. Despite its relatively small scale, challenges related to data integration and hydraulic modeling are present, particularly in geocoding consumer addresses for precise mapping to the distribution network. Address-based geospatial data are essential for improving operational efficiency and ensuring equitable water distribution across the network.



The basic data, consisting of an address database, were obtained from the local water utility service for use in geocoding-related water utility network modeling activities. It should be noted that we could have worked with any other address database, as manually provided addresses would have been sufficient for testing geocoding services. However, the authors believed this approach could yield more representative results. For the area under investigation, 384 address records were available. Based on previous experience, several reliability and plausibility checks were performed to ensure data quality and improve geocoding accuracy. These included standardizing address formats by replacing abbreviations such as “St.” with “Street” or “Rd.” with “Road,” correcting common typos like changing “Firrst Avenue” to “First Avenue,” and ensuring uniform capitalization and spacing. Duplicate entries were removed, and missing fields, such as city names or postal codes, were inferred or flagged for review. Special characters and unnecessary punctuation, such as “789@ Maple Street,” were eliminated, while concatenated fields like “123 Oak Street, Springfield” were split into separate components. Verifying the validity of addresses against official databases, ensuring consistent formatting for house numbers, further enhanced data reliability. Finally, geo-validation confirmed that geocoded coordinates matched the expected location, ensuring accurate integration into hydraulic models. These measures collectively improved the precision and usability of geocoded data for water utility management.




2.2. Services Applied


2.2.1. Bing Maps [28]


Bing Maps is Microsoft’s mapping service, supported by Bing’s search engine, TomTom, and OpenStreetMap data. To use the geocoding API, registration and an API key are required, offering 10,000 free queries per month. Geocoding can be tested on Bing Maps’ online platform, but bulk data handling and data export are not possible [29]. The API is widely utilized by developers and businesses for location-based services, such as logistics or real estate solutions.




2.2.2. Google Maps [30]


Google, established in 1998, launched its interactive mapping service, Google Maps, in 2005, revolutionizing web-based mapping. Google provides three platforms for geocoding services: Google Earth Pro, Google My Maps, and Google Cloud Platform. Google Earth Pro is easy to install, My Maps only requires a Gmail account, and Cloud Platform necessitates registration for an API key with customizable settings. The API key allows users to make 2000 free daily queries, with additional queries available for a fee, often accompanied by free credit at the start.




2.2.3. OpenStreetMap (OSM) [31]


OpenStreetMap (OSM) is an open-source, community-driven map editing and display system widely used for geocoding and geospatial applications. OSM’s geocoding tool, Nominatim, supports batch geocoding through an API and website [32]. However, its query speed is limited, making it slow for large-scale data processing. OSM relies on data from Wikipedia and its community database, offering extensive global linguistic and address format support, though coverage gaps and inaccuracies may occur. The tool supports reverse geocoding and integrates well with geospatial systems.




2.2.4. Geoapify Location Platform [33]


Geoapify GmbH, a German company, provides a wide range of geospatial technologies, including digital maps, routing, and geodatabases. Its geocoding API, the Geoapify Location Platform, allows 90,000 free queries per month at a rate of 5 queries per second. For larger needs, three paid plans are available. Geoapify also operates a free-to-use website where users can test the service without registration. The platform supports bulk data uploads and export of geocoded location markers.




2.2.5. ArcGIS World Geocoding Service [34]


ArcGIS, developed and maintained by the American company Esri, is a leading solution for geographic information systems (GIS). The World Geocoding Service is accessible via ArcGIS Desktop ArcMap software version 10.8.2, offering global coverage for geocoding addresses, cities, businesses, or landmarks. Results can be stored in tables, shapefiles, or displayed as points on a map. The service is free for up to 20,000 queries for subscribers, with a cost of USD 0.50 per 1000 additional queries. It also supports bulk reverse geocoding.




2.2.6. Lechner Knowledge Center—Location Database [35]


Based in Budapest, the Lechner Knowledge Center handles geospatial tasks for Hungarian public administration, including maintaining state-owned databases and managing land registries. Its offline geocoding service, the Location Database, identifies spatial positions of properties based on cadastral numbers, providing coordinates for parcel centroids but lacking building-level data. The data are derived from property registry documents and cartographic databases, offering accurate and detailed property information.





2.3. Data Processing Workflow


For geocoding, the database must have been prepared for assigning spatial data to the data obtained from the billing system. The geocoding was done using the Google address database, which has a defined structure for specifying search parameters [30]. When exporting data from the billing system, the correction of characters due to character encoding discrepancies was performed as a first step.



Input parameters could be entered differently across the various platforms. In most cases, this was possible using a predefined CSV-format file. For Bing Maps, bulk address input is not available, as far as we know, so the addresses were entered manually. The resulting location data were also processed manually and marked as point elements in ArcMap software (version 10.8.2).



Google was tested across multiple platforms. The authors began with the geocoding service in the commonly used Google Earth software (version 7.3.6.9796), followed by the tools provided by Google My Maps. Subsequently, the Google Cloud Platform API key with the QGIS geospatial software (version 3.36) was utilized, which was connected to the mmgis module. The OSM service was also accessed through this module. For the Geoapify Location Platform, data uploads and geocoding were conducted directly on the provider’s website. The ArcGIS World Geocoding Service was accessed directly within the ArcMap software (version 10.8.2), with the results exported in shapefile format. As a national reference, geocoded data from the Lechner Knowledge Center for research purposes were requested, where the entire geocoding process was conducted by them.



The results provided by the services were examined in several ways to gain a comprehensive understanding of their accuracy for the indicated region. It should be noted that the reported results reflect the database states available from each service in the spring of 2024. Each service provider strives to improve service quality, so the current usability may differ from what is described. In our study, we analyzed the number of hits for each service, the number of results pointing to the same coordinates, and the deviations compared to each other and the locally used reference service.





3. Results and Discussion


The hit rates and accuracy of the different services described in Section 2.2 were analyzed in relation to each other. It is important to note that Table 1, illustrating the hit rate, shows the match values obtained for the base database. However, Table 1 does not indicate whether these matches corresponded to the actual location. In the database received from the Lechner Knowledge Center, 33 address records were listed as “under review”. It is expected that these address records will be available in the database in the near future. Based on the values in Table 1, it should be pointed out that all services gave almost complete processing results.



Table 1 shows the number and percentage of addresses successfully geocoded by various geocoding services. Notably, services like Google Earth Pro, Google Cloud Platform, ArcGIS World Geocoding Service, and OpenStreetMap/Nominatim achieved near-perfect geocoding rates, with all or most addresses successfully matched to geographic coordinates (100%, or above 97%). On the other hand, the Lechner Knowledge Center had a significantly lower geocoding success rate of 72.92%, indicating that it was less effective in matching addresses compared to the other services. Bing Maps, Google My Maps, and Geoapify Location Platform all performed similarly, with a geocoding success rate of 99.22%, suggesting they are quite reliable but still slightly behind the top-performing services. These results highlight the varying levels of accuracy across different platforms and emphasize the need for careful selection when choosing a geocoding service for specific applications, such as mapping and address validation in water utility management. It should be noted that many geocoding services place location markers based on the recognized portion of the address when they are unable to provide an exact match. Therefore, the match rate of search results presented in this table should be considered as informational only and does not necessarily reflect the overall quality or reliability of the geocoding service.



To test the accuracy of the results, points marked outside the administrative area of the study area, at a distance of more than 10 km, were first filtered out. To ensure comparability, it was checked whether, for each service, any markers pointed to the same coordinate. These usually occurred when an address value below a certain level could not be handled by the service. An example was the “A” and “B” designation for condominiums. In such cases the addresses were assigned the same coordinate value. In the case of hydraulic model tests, this was not a problem, since the condominium also had a connection to the municipal network in general.



The number of cases where each service from the loaded database gave the same address match was examined (see Table 2).



The Bing service was not included in the comparison because its results relied on a manual search and spatial point placement, introducing potential human error that could not be eliminated. Table 2 clearly illustrates why geocoded values provided by Lechner Knowledge Center were chosen as our domestic reference. Based on their processing results, no address mapping was found where two or more addresses were assigned the same coordinates. As an example, if Geoapify geocoded 381 out of 384 addresses, with 313 sharing the same coordinates (81.5% of the geocoded addresses), it suggested that in this region, similar input data would yield the same result regardless of the number of addresses. The reason why other services produced such results was due to the factors mentioned above. However, it is important to emphasize that, in the context of examining municipal water utilities—which was the focus of this study—such distortions in input parameters did not pose a significant issue. For this study, these points were combined to avoid biasing the results. The points corresponding to the study area were compared relative to each other based on the individual address records.



Based on Table 2, the evaluation of the geocoding service providers revealed significant variability in the ability to geocode unique coordinates for given addresses, a critical metric for assessing geocoding accuracy and reliability. The Lechner Knowledge Center performed the best, with no instances of multiple addresses being geocoded to the same location (0%), indicating high precision in identifying unique locations for all addresses. In contrast, the Geoapify Location Platform and OpenStreetMap/Nominatim showed significant deficiencies, with 313 (81.51%) and 288 (75.00%) addresses, respectively, assigned identical coordinates. This likely indicated that these services were unable to resolve specific addresses accurately, defaulting to a single fallback location. Among the Google services, Google My Maps (3.39%) and Google Earth Pro (4.43%) demonstrated relatively low rates of geocoding addresses to identical coordinates, with Google Cloud Platform performing slightly worse (5.47%). This suggested reasonable accuracy but room for improvement in disambiguating closely located or ambiguous addresses. Similarly, the ArcGIS World Geocoding Service exhibited a moderate rate of identical coordinates (8.33%), signaling occasional challenges in resolving unique locations and lower success rates (around 4–5%), implying a higher occurrence of distinct address matches. ArcGIS World Geocoding Service, while better than these, had a modest success rate of 8.33%. The Lechner Knowledge Center, on the other hand, produced no matches of identical coordinates (0%), which, as noted, was consistent with the expected real-world scenario where multiple addresses would not share the same coordinates. This analysis underscores the importance of using a geocoding service that not only ensures high hit rates but also maintains consistency and accuracy in location identification, particularly in applications requiring precise geographic alignment, such as municipal water utility studies.



Figure 1 shows the geocoded location results of the different services used in this study. Lechner Knowledge Center’s hit was accurate based on the administrative address database, whereas the ArcGIS World Geocoding Service and Google platforms were off by two property distances. The selected address was visited in person, where it was found that the above-mentioned services had returned house number 37 as 41. Lechner Knowledge Center, OpenStreetMap, Geoapify Location Platform, and Bing Maps provided accurate property hits. This discrepancy was not a significant problem for the intended use, since the municipality-level network hydraulic models rarely go down to consumer-level resolution.



The descriptive statistical results of the comparative study carried out to test the accuracy of geocoding services is presented in Table 3.



In the first column of the table are the names of the geocoding services, which are abbreviated as follows: Bing Maps = Bing, Google Earth Pro = G-E, Google My Maps = G-M, Google Cloud Platform = G-C, OpenStreetMap/Nomatim = Nom, Geoapify Location Platform = Geo, ArcGIS World Geocoding Service = Gis, and Lechner Knowledge Centre Location Database = LKCLD. The second column shows the pairwise average differences of the EOV Y coordinate values and the pairwise average differences of the EOV X coordinate values of the geocoded address data, and the following columns show the standard deviations of the average differences, respectively the maximum and minimum deviations.



The analysis of geocoding service accuracy revealed varying degrees of precision in the comparison of different platforms. Bing Maps exhibited significant variability, especially when compared with Google Earth Pro and Google My Maps, with maximum deviations reaching up to 873.15 m and 688.85 m, respectively. Lechner’s results served as the reference, as no other measured or verified data were available for comparison. Since Lechner reflected the official cadastral database, it was appropriate to treat its data as the baseline. The results showed that deviations were significantly lower when compared to Lechner rather than other services, further supporting the accuracy of Lechner’s data. Google Earth Pro and Google My Maps generally showed smaller average deviations, although discrepancies could still arise, particularly when compared with OpenStreetMap and Geoapify. OpenStreetMap and Geoapify demonstrated relatively higher consistency and alignment, with average deviations of around 125 m and small maximum errors. This stemmed from what we have already discussed: the extent to which the service was able to accurately locate points versus how often it placed multiple addresses at the same coordinates.



Figure 2 presents a comparison of geocoding services in terms of their precision, with the horizontal axis representing the abbreviated names of the geocoding services and the vertical axis showing the distances (in meters). The horizontal line at 0 m indicates the results from the Lechner Knowledge Center, which served as a reference.



The figure then displays pairwise average differences, standard deviations of those differences, and the minimum and maximum discrepancies between the EOV Y and EOV X coordinate values for each service. The negative values on the vertical axis are used solely to represent the standard deviations of the average discrepancies. These values illustrate the variability and precision of the different geocoding platforms when compared to the Lechner Knowledge Center results.



Comparing our results to the literature referenced in the introduction section, Singh (2017) highlighted notable geocoding errors caused by specific address formatting issues [20], while Chow et al. (2015) identified significant variability in geocoding accuracy between urban and rural settings, as well as among different platforms [21]. These findings aligned with previous research highlighting the challenges of ensuring both automation and accuracy in open-source geocoding solutions—the prior evaluations of R-based geocoding methods, such as those by Pérez and Aybar [36], demonstrated significant variability in performance across providers, with differences in processing time, accuracy, and data completeness. Spatial clustering of missing data was significant across all methods investigated by Kinnee et al. [37], with distinct spatial patterns, highlighting the need for improved geocoding accuracy in exposure assessments. These observations support our findings, particularly regarding the discrepancies observed in geocoding precision across various services. The emphasis on selecting appropriate geocoding solutions to minimize errors and improve spatial analyses, as noted in these studies, reinforces the practical implications of our results for urban water utility management.




4. Conclusions


In this study the performance and accuracy of various geocoding services in mapping water utility networks in a Central European municipality was assessed. Key findings emphasized the critical role of geospatial tools in improving data integration for hydraulic modeling. Services were evaluated for their geocoding hit rates and precision, with results compared to identify the most reliable platforms. Our analysis also addressed the practical implications of geocoding in operational decision-making for water utility management.



	
The frequency of identical coordinates assigned to multiple addresses was notably high in Geoapify Location Platform (81.51%) and OpenStreetMap/Nominatim (75.00%). This indicates that these platforms frequently failed to resolve unique addresses, and instead assigned them the same geocoded location, potentially compromising the precision required for applications such as water network modeling.



	
Statistical analysis of the geocoding results showed that Lechner Knowledge Center outperformed other services in terms of accuracy and precision. The Lechner Knowledge Center exhibited the smallest average deviations (Y: 25.87 m, X: 22.73 m) and minimal standard deviations, with no instances of multiple addresses geocoded to the same coordinates. In comparison, other services like Geoapify and OpenStreetMap demonstrated larger deviations, highlighting the importance of selecting precise and reliable geocoding tools for urban water supply network applications. It is important to note that this service can only be considered the best among the examined services for addresses in Hungary.



	
Google’s geocoding services successfully demonstrated the level of accuracy required for modeling municipal water utility networks. As alternatives, Bing’s free service and the ESRI ArcGIS-integrated geocoding service are also recommended for use.






The accuracy of address processing, in this case the spatial determination of consumer locations, provides the input data for network hydraulics. Consequently, the quality of this data fundamentally determines the quality of the output data. Future research could focus on refining geocoding techniques to improve accuracy in regions with fragmented spatial data infrastructure. Integrating machine learning algorithms with geospatial tools holds potential for enhancing address validation and error correction. Additionally, expanding the application of geocoding to include predictive modeling and real-time network monitoring could further advance sustainable water utility management practices.
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