
International Journal of Scientific Interdisciplinary Research, June 2025, 616–670 
 

616 
 

 

 

Integrating Artificial Intelligence, Semantic Indoor Geospatial Modeling, 
And Network-Based Routing for High-Precision NG911 Emergency 

Location Intelligence 
 

Md Kaium Hossain1;  

Doi: 10.63125/5hc1xx56 
Received: 25 April 2025; Revised: 29 May 2025; Accepted: 11 June 2025; Published: 30 June 2025; 

Abstract 
This quantitative study examined whether integrating artificial intelligence, semantic indoor geospatial modeling, 
and network-based routing improved high-precision Next Generation 911 emergency location intelligence. A 
multisite, repeated-measures experimental design was implemented across 18 multistory buildings representing 
residential, hospital, educational, transportation, commercial, and industrial environments. The study established 
540 surveyed reference points and retained 12,614 of 12,960 primary trials, producing a 97.3% retention rate. 
Eight smartphones representing four device classes collected Wi-Fi, Bluetooth, ultra-wideband, inertial, magnetic, 
barometric, and visual observations. Three configurations were compared: conventional coordinate-only 
localization, artificial-intelligence localization with semantic matching, and full integration with semantic 
modeling and network routing. Mixed-effects regression, external holdout validation, calibration analysis, and 
multilevel sequential mediation with 5,000 bootstrap resamples were applied. Full integration reduced mean 
horizontal error from 7.84 to 2.36 meters and vertical error from 4.18 to 1.12 meters. Correct-floor identification 
increased from 72.6% to 96.4%, and correct-room identification increased from 51.8% to 91.7%. Adjusted 
horizontal and vertical reductions were 5.42 and 3.04 meters, with large standardized effects of −1.52 and −1.32, 
respectively. The odds of correct-floor and correct-room identification were 9.74 and 10.31 times greater under 
full integration. Semantic interpretation accuracy reached 95.1%, valid-route generation reached 96.8%, 
successful route completion reached 96.2%, and operational record completeness increased from 63.4% to 94.8%. 
Mean end-to-end processing time was 1.92 seconds. Semantic matching and route validity mediated 67.2% of the 
total relationship between artificial-intelligence localization and emergency location intelligence. Holdout 
evaluation showed limited performance loss, while stress tests retained fallback localization above 78% and 
successful diversion above 85%. Model fit was strong, with CFI = .976, RMSEA = .034, and 74% of final outcome 
variation explained by the complete integrated statistical framework. The findings demonstrated that coordinated 
positioning, semantic interpretation, and routing produced more accurate, calibrated, resilient, and operationally 
actionable NG911 indoor location intelligence than isolated coordinate estimation. 
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INTRODUCTION 

Next Generation 911, commonly abbreviated as NG911, refers to an Internet Protocol–based emergency 

communications environment designed to receive, process, route, and exchange voice calls, text 

messages, images, video, sensor data, and associated location information through interconnected 

public-safety systems. It differs from conventional circuit-switched emergency communication by 

treating location as a structured digital object that can support call validation, jurisdictional routing, 

incident visualization, dispatch coordination, and operational decision-making (Laoudias et al., 2018).  

 

Figure 1: AI-Enabled NG911 Indoor Intelligence 

 

Artificial intelligence refers to computational techniques that perform tasks associated with learning, 

classification, prediction, pattern recognition, uncertainty estimation, and automated decision support. 

Within emergency location analysis, artificial intelligence includes machine-learning, deep-learning, 

probabilistic, computer-vision, sensor-fusion, and anomaly-detection methods that estimate a caller’s 

position from heterogeneous signals. Semantic indoor geospatial modeling refers to the structured 

representation of indoor spaces through geometric, topological, functional, and contextual information. 

It describes not only the coordinates and shapes of rooms, corridors, doors, stairways, elevators, 

entrances, floors, and restricted areas, but also the meanings, accessibility conditions, connectivity 

relationships, and emergency functions attached to those elements (El Boudani et al., 2020). Network-

based routing is the computational process of representing navigable indoor space as a graph consisting 

of nodes, edges, weights, directions, and constraints so that routes can be calculated between an 

incident location and an appropriate access or response point. High-precision emergency location 

intelligence represents the integrated capability to identify, interpret, validate, communicate, and 

operationalize the horizontal, vertical, floor-level, room-level, and pathway-related position of a person 

requiring emergency assistance (Debasish, 2021). Precision in this context extends beyond latitude and 

longitude because the same horizontal coordinates can correspond to multiple apartments, offices, 

hospital wards, transportation platforms, or underground spaces. Accurate emergency location 

intelligence therefore requires the integration of sensed position, building identity, floor designation, 

room or zone classification, civic address, indoor topology, entrance accessibility, and route conditions 

(Chin et al., 2020). The title of this study combines these concepts into a unified quantitative domain in 
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which artificial intelligence estimates position, semantic geospatial models interpret that estimate 

within a building, and network algorithms transform the interpreted location into actionable routing 

information for NG911 call handling and emergency response (Abdur & Iftekhar, 2021; Hossan, 2021). 

Indoor positioning refers to the determination of a person’s or device’s location inside buildings and 

other enclosed environments where satellite-based positioning frequently becomes weak, reflected, 

obstructed, or unavailable. Conventional outdoor emergency location methods typically rely on 

satellite navigation, cellular triangulation, handset-derived coordinates, civic addresses, and network 

measurements (Yang et al., 2021). These methods may identify the building containing an emergency 

caller while providing insufficient information about the caller’s floor, unit, room, corridor, or 

accessible approach path. Artificial intelligence has been examined as a means of improving indoor 

estimation by learning complex relationships among signal strength, signal arrival time, angle of 

arrival, inertial motion, barometric pressure, magnetic-field variation, visual features, acoustic 

characteristics, and historical movement patterns. Wi-Fi fingerprints, Bluetooth Low Energy beacons, 

ultra-wideband signals, cellular measurements, radio-frequency identification, inertial measurement 

units, smartphone sensors, cameras, and building-installed Internet of Things devices provide different 

forms of location evidence (Rekkas et al., 2023). Machine-learning algorithms such as k-nearest 

neighbors, support-vector machines, random forests, gradient-boosting models, neural networks, 

convolutional networks, recurrent networks, transformers, and ensemble methods have been evaluated 

for coordinate regression, floor classification, room identification, trajectory reconstruction, signal 

correction, and multimodal fusion. Their performance has commonly been quantified through mean 

absolute error, root-mean-square error, median positioning error, cumulative distribution of error, 

floor-detection accuracy, room-classification accuracy, inference latency, coverage, reliability, and 

computational cost (Mesbaul, 2023; Zahidul & Begum, 2022). Emergency use introduces additional 

measurement requirements because a technically precise estimate may remain operationally weak 

when it lacks a confidence score, timestamp, reference coordinate system, floor convention, or 

association with a verified indoor space (Yoo & Choi, 2022). Signal variability caused by building 

materials, human movement, device diversity, access-point relocation, multipath propagation, smoke, 

fire, power interruption, and changing interior arrangements can also affect model stability. Studies of 

emergency-responder localization have emphasized that positioning systems must support continuous 

tracking, three-dimensional coordinates, rapid initialization, and acceptable performance under signal 

loss or infrastructure degradation (Shurovi, 2024; Zahidul, 2024). Within NG911 emergency location 

intelligence, artificial intelligence is therefore treated as a measurable analytical capability composed 

of localization accuracy, vertical discrimination, room-level classification, sensor-fusion quality, 

uncertainty calibration, response latency, environmental robustness, and interoperability with 

geospatial records (Tseng et al., 2022). These dimensions allow indoor positioning performance to be 

examined as a quantitative construct rather than as a single coordinate-generation function (Shima Ali 

et al., 2024; Tonay et al., 2024). 

Semantic indoor geospatial modeling provides the representational structure through which an 

estimated coordinate is converted into an understandable emergency location. A coordinate positioned 

inside a building does not independently communicate whether the caller is located in a bedroom, 

laboratory, intensive-care unit, stair enclosure, elevator car, service corridor, parking level, or secured 

office (El-Sheimy & Li, 2021). Semantic models address this limitation by associating geometry with 

descriptive meaning and by recording how indoor spaces are organized, connected, accessed, and used. 

Common modeling resources include geographic information systems, building information models, 

IndoorGML, CityGML, Industry Foundation Classes, floor plans, address databases, indoor mapping 

schemas, ontologies, and knowledge graphs (Arif Uz et al., 2025; Mesbaul, 2025). These resources differ 

in their emphasis: building information models contain detailed architectural and asset information, 

geographic information systems support spatial referencing and jurisdictional analysis, and indoor 

navigation models concentrate on cells, boundaries, adjacency, connectivity, and movement 
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relationships. Integration among these resources allows rooms, doors, corridors, stairs, elevators, 

exterior entrances, access-control points, utility areas, refuge zones, hazardous spaces, and emergency 

facilities to be represented within a common spatial framework (Bregar & Mohorčič, 2018). Semantics 

can also identify room function, occupancy category, floor label, unit number, accessibility status, 

responder-only entrance, fire compartment, security restriction, directional movement rule, and the 

operational condition of a passage. Research on indoor geospatial modeling has evaluated geometric 

accuracy, topological consistency, semantic completeness, floor-plan conversion accuracy, room and 

doorway detection, identifier correspondence, graph-extraction correctness, interoperability, and 

model-processing time. Studies combining building information modeling with indoor geographic 

information have shown that navigable networks can be extracted from architectural elements, 

although inconsistent naming, excessive geometric detail, missing doorway relationships, nonstandard 

floor identifiers, and outdated renovations can reduce operational usability (Mahmood et al., 2022).  

 

Figure 2: NG911 Intelligent Emergency Network Architecture 

 

Emergency location applications require the modeled indoor space to correspond with the coordinate 

reference used by the positioning system and with the civic, postal, dispatch, and jurisdictional records 

used by emergency authorities. A room-level estimate becomes actionable only when it can be linked 

to a validated building, floor, unit, entrance, and navigable path (Mostafizur, 2025; Mostafizur et al., 

2025). Semantic indoor modeling within this study is consequently defined through data completeness, 

spatial accuracy, topological validity, semantic correctness, identifier consistency, update timeliness, 

and emergency-attribute coverage. Quantifying these properties permits examination of whether 

higher-quality indoor representations strengthen the conversion of artificial-intelligence estimates into 

usable NG911 location intelligence (Kim et al., 2022). 

Network-based routing transforms an identified indoor location into a sequence of connected spaces 

that can guide emergency communication, dispatch selection, building entry, and responder 

movement. Indoor routing networks generally represent rooms, corridor intersections, doors, stairs, 

elevators, ramps, exterior entrances, and transition points as nodes or spatial cells, while traversable 

connections are represented as edges. Edge weights may describe distance, expected travel time, 

vertical movement, congestion, accessibility, security restrictions, smoke exposure, fire intensity, 

structural risk, doorway width, responder equipment burden, or passage availability (García-Catalá et 

al., 2022). Algorithms such as Dijkstra’s shortest-path method, A*, bidirectional search, visibility 
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graphs, medial-axis methods, hierarchical routing, dynamic graph search, multi-criteria optimization, 

and learning-assisted path planning have been applied to indoor navigation and evacuation. 

Emergency routing differs from ordinary pedestrian navigation because the shortest geometric path 

may not be the safest, fastest, or operationally permissible route (Syeedur & Sharmin, 2025; Zahidul, 

2025). Firefighters carrying equipment may require a protected stairwell, medical teams may need an 

elevator or sufficiently wide corridor, police responders may require a controlled entry, and evacuation 

routes may need to avoid the hazard from which responders are approaching (Leitch et al., 2023). 

Routing can therefore involve several objectives, including minimum response time, minimum hazard 

exposure, maximum accessibility, entrance suitability, path redundancy, and compliance with 

operational rules. Two routing layers are relevant to NG911. The first concerns the delivery of an 

emergency communication to the appropriate public-safety answering point or emergency 

communications center according to authoritative location and jurisdictional boundaries. The second 

concerns the physical route from a responder’s position, vehicle access point, or building entrance to 

the indoor incident location (Kanti, 2025; Shima Ali et al., 2025).  

High-precision emergency intelligence connects these layers by ensuring that the location used for call 

routing is consistent with the location used for dispatch visualization and indoor navigation. 

Quantitative routing performance has been assessed through route-computation time, path length, 

estimated travel time, arrival-time error, successful-route percentage, graph connectivity, alternative-

route availability, access-constraint compliance, hazard avoidance, and route-recalculation latency 

(Gacanin & Wagner, 2019). Routing quality also depends on the correctness of the underlying semantic 

network; a missing door, incorrectly connected floor, inaccessible entrance, or misclassified stairway 

can generate a computationally valid route that is physically unusable. Network-based routing is 

therefore operationalized as a multidimensional capability combining graph accuracy, weight validity, 

constraint awareness, computational efficiency, route reliability, and adaptability to incident-specific 

conditions. 

The international significance of high-precision indoor emergency location intelligence arises from the 

concentration of human activity within increasingly complex built environments (Jamil et al., 2020). 

High-rise residential towers, hospitals, universities, industrial facilities, shopping centers, airports, 

railway stations, hotels, stadiums, underground transport systems, mixed-use developments, and large 

office campuses can contain thousands of occupants distributed across multiple floors, wings, units, 

restricted zones, and subterranean levels. Emergency numbers and institutional structures vary across 

countries, including 911, 112, 999, and other national arrangements, yet emergency communication 

authorities share the operational requirement to determine where assistance is needed and how 

responders can reach that location. A building-level coordinate may be inadequate in a medical 

emergency occurring in a specific apartment, a fire reported from a particular mechanical floor, a 

security incident inside an airport terminal, or an entrapment event within an underground station 

(Jondhale et al., 2020). International research has associated location uncertainty with repeated caller 

questioning, manual address reconciliation, incorrect dispatch points, responder search time, delayed 

access, and inconsistent information transfer among call takers, dispatchers, field units, and building 

managers. The problem is intensified when callers are unfamiliar with the building, unable to 

communicate, experiencing cognitive or physical distress, using a language not shared by the call taker, 

or reporting an incident through text, sensor, or automated device data. Countries also differ in indoor 

mapping availability, civic-address structure, building-code practice, wireless infrastructure, data-

governance arrangements, emergency-service organization, and technical interoperability. These 

differences create measurable variation in the completeness and usability of emergency location 

information (Che et al., 2023). European work on indoor location and indoor maps, North American 

NG911 programs, Asian smart-city positioning research, and emergency-navigation studies across 

densely developed urban regions have examined overlapping requirements for vertical accuracy, floor 

identification, room-level mapping, standardized data exchange, privacy protection, and dependable 



International Journal of Scientific Interdisciplinary Research, June 2025, 616–670 
 

621 
 

routing. Cross-border relevance also extends to mass-casualty management, disaster response, tourism, 

transportation hubs, and multinational industrial operations where responders may work with 

heterogeneous devices and map formats (Fan et al., 2021). Artificial intelligence, semantic geospatial 

modeling, and routing must therefore be examined as coordinated components within a broader 

emergency-information system. International significance is measured not only by technological 

availability but also by accuracy across building types, consistency across jurisdictions, performance 

under diverse infrastructure conditions, scalability across facilities, and the capacity to preserve 

standardized location meaning as information passes between telecommunications networks, 

emergency centers, geographic databases, dispatch systems, and responding agencies (Alhomayani & 

Mahoor, 2020). 

The literature base synthesized for this introduction comprises more than thirty empirical, 

experimental, simulation, and systematic-review studies covering machine-learning indoor 

positioning, multimodal sensor fusion, wireless fingerprinting, vertical-location estimation, semantic 

indoor modeling, building-information conversion, indoor network extraction, emergency-responder 

tracking, dynamic evacuation, and graph-based route optimization. Across the artificial-intelligence 

literature, Wi-Fi and Bluetooth fingerprinting studies have compared classifiers and regression 

algorithms using coordinate error, room-detection accuracy, floor-classification accuracy, training-set 

size, sampling density, and processing time (Pascacio et al., 2021). Ultra-wideband research has 

examined ranging accuracy, anchor geometry, line-of-sight conditions, multipath effects, and machine-

learning correction. Smartphone-based studies have combined accelerometers, gyroscopes, 

magnetometers, barometers, cameras, and wireless signals to estimate movement, elevation, heading, 

and location continuity. Computer-vision research has evaluated image matching, scene recognition, 

visual landmarks, simultaneous localization and mapping, and multimodal image representations. 

Emergency-responder studies have assessed three-dimensional tracking, infrastructure independence, 

communication continuity, environmental robustness, and position-update frequency. Semantic-

modeling studies have measured the conversion of floor plans or building information models into 

rooms, boundaries, portals, cells, and topological networks. IndoorGML-related investigations have 

examined multilayer representations, indoor–outdoor linkage, interoperability, semantic enrichment, 

and navigation-network generation (Xia et al., 2017). Routing studies have compared shortest-path, 

time-minimizing, risk-sensitive, accessibility-aware, and dynamically weighted algorithms under 

different hazard and congestion conditions. This combined literature demonstrates strong technical 

development within individual components while also revealing limited quantitative testing of the 

complete chain from raw emergency-location evidence to semantically interpreted indoor position and 

operational route generation. Many positioning experiments report coordinate error without testing 

whether the estimate identifies the correct room or navigable cell. Several modeling studies validate 

geometric conversion without measuring how model errors influence emergency routing (Guo et al., 

2019). Routing simulations frequently assume that the incident node and network topology are already 

correct. NG911-oriented work often concentrates on call transport, civic validation, jurisdictional 

routing, or outdoor geographic information while treating detailed indoor location as an external input. 

The resulting empirical gap concerns integration quality rather than the isolated availability of an 

algorithm, model, or routing procedure. A quantitative assessment therefore requires simultaneous 

measurement of positioning accuracy, semantic matching, topology correctness, route validity, 

computational latency, uncertainty, and emergency-information completeness across representative 

indoor environments and incident conditions (Mohanta et al., 2019). 

The central quantitative problem is the absence of sufficiently integrated evidence showing how 

artificial-intelligence capability, semantic indoor geospatial-model quality, and network-based routing 

performance jointly explain variation in high-precision NG911 emergency location intelligence. 

Existing research provides numerous performance estimates for individual technologies, yet the 

reported metrics are frequently separated by disciplinary boundaries. Telecommunications studies 
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emphasize horizontal and vertical coordinate accuracy; machine-learning studies emphasize prediction 

error and classification performance; geographic-information studies emphasize geometric and 

semantic validity; building-information studies emphasize element extraction and model conversion; 

routing studies emphasize path length and computation time; and emergency-communication studies 

emphasize call routing, dispatch accuracy, and response coordination (Liang et al., 2020). These 

measures describe connected stages of the same information process. An error produced during signal 

interpretation can assign the caller to the wrong floor, a semantic mismatch can associate a correct 

coordinate with the wrong room, a topological defect can connect spaces that are not physically 

traversable, and an unsuitable routing weight can direct responders toward an inaccessible entrance. 

The study therefore conceptualizes artificial-intelligence localization capability, semantic indoor-model 

quality, and network-routing capability as principal explanatory variables (Ssekidde et al., 2021). High-

precision emergency location intelligence is specified as the dependent construct and is measured 

through horizontal error, vertical error, correct-floor percentage, correct-room or zone percentage, 

building and entrance identification, semantic-match accuracy, route-success percentage, location-

processing latency, routing latency, confidence calibration, and information completeness. 

Interoperability, indoor-data availability, sensor coverage, building complexity, number of floors, 

construction materials, device type, signal condition, incident type, and environmental disruption are 

treated as contextual or control variables because they can influence observed performance (Abiodun 

et al., 2019). The quantitative framework examines the direct relationships between each technological 

capability and emergency-location intelligence, the additional explanatory power obtained from their 

integration, and the extent to which semantic matching and routing accuracy transmit the effect of 

artificial-intelligence positioning performance to operational location quality. Comparative testing 

across building categories and technology configurations supports evaluation of whether performance 

remains consistent in hospitals, residential towers, educational facilities, transportation complexes, 

commercial buildings, and industrial environments (Karakusak et al., 2022). The study’s statistical 

focus includes effect magnitude, model fit, estimate precision, subgroup variation, interaction effects, 

prediction error, classification reliability, processing speed, and robustness under altered signal and 

network conditions. 

The objective of this quantitative study is to examine how the integration of artificial intelligence, 

semantic indoor geospatial modeling, and network-based routing influences the accuracy, 

completeness, timeliness, reliability, and operational usability of high-precision NG911 emergency 

location intelligence. Specifically, the study seeks to measure the capability of artificial-intelligence 

models to estimate indoor emergency locations through the fusion and analysis of Wi-Fi, Bluetooth 

Low Energy, ultra-wideband, cellular, inertial, barometric, visual, magnetic, and other available sensor 

data. Artificial-intelligence localization performance is assessed through horizontal positioning error, 

vertical positioning error, floor-classification accuracy, room- or zone-identification accuracy, inference 

latency, confidence calibration, signal-loss tolerance, and consistency across devices and indoor 

conditions. The study also aims to evaluate the quality of semantic indoor geospatial models in 

representing buildings, floors, rooms, corridors, doors, stairways, elevators, entrances, restricted areas, 

emergency facilities, accessibility conditions, and connectivity relationships. Semantic-model quality is 

measured through geometric accuracy, semantic completeness, topological consistency, identifier 

correspondence, indoor–outdoor linkage, emergency-attribute coverage, and update timeliness. A 

further objective is to determine the effectiveness of network-based routing algorithms in generating 

valid, rapid, accessible, and risk-sensitive paths between emergency responders and precisely 

identified indoor incident locations. Routing performance is evaluated through path validity, estimated 

travel time, route-computation latency, entrance suitability, access-constraint compliance, hazard 

avoidance, alternative-route availability, and route-recalculation efficiency. The study additionally 

seeks to test the individual and combined effects of artificial-intelligence localization capability, 

semantic-model quality, and routing capability on the overall quality of NG911 emergency location 
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intelligence, measured through correct-building identification, correct-floor detection, room-level 

accuracy, entrance identification, semantic-match accuracy, route-success percentage, location-

processing time, information completeness, and dispatch usability. It further examines whether 

semantic location matching and routing accuracy mediate the relationship between artificial-

intelligence positioning performance and operational emergency-location quality, and whether 

integration quality strengthens these relationships. Comparative analyses are conducted across 

hospitals, residential towers, educational facilities, transportation complexes, commercial buildings, 

and industrial environments. Building complexity, number of floors, construction materials, sensor 

coverage, device type, data availability, signal condition, indoor-model maturity, incident category, 

and environmental disruption are incorporated as control or moderating variables. Through these 

objectives, the study quantitatively evaluates the complete information chain from raw indoor-location 

evidence to semantically interpreted position and actionable emergency-response routing within an 

NG911 environment. 

LITERATURE REVIEW 
This literature review synthesizes quantitative research concerning the integration of artificial 
intelligence, semantic indoor geospatial modeling, and network-based routing for high-precision 
emergency location intelligence within NG911 and related emergency communication environments. 
The review examines the complete information process through which raw wireless, sensor, visual, 
spatial, and contextual data are converted into an accurate indoor position, associated with a 
semantically defined building space, transmitted through emergency-service systems, and transformed 
into a valid responder route (Dimitriadou & Lanitis, 2023). Research from emergency communications, 
artificial intelligence, indoor positioning, geographic information science, building information 
modeling, graph theory, wireless engineering, public-safety operations, and emergency navigation is 
organized around measurable technological and operational performance. Particular attention is given 
to horizontal positioning error, vertical positioning error, floor-detection accuracy, room-classification 
accuracy, coordinate confidence, inference latency, semantic completeness, geometric accuracy, 
topological consistency, identifier matching, routing success, path length, estimated travel time, hazard 
avoidance, system availability, dispatch correctness, and responder search time. The review also 
compares Wi-Fi, Bluetooth Low Energy, ultra-wideband, cellular, inertial, magnetic, barometric, visual, 
and multimodal localization approaches to determine how sensing technology and analytical method 
influence indoor-location performance (Huang et al., 2019). Semantic indoor geospatial research is 
examined through IndoorGML, geographic information systems, building information models, 
CityGML, Industry Foundation Classes, floor-plan databases, spatial ontologies, and knowledge 
graphs. Network-routing studies are evaluated according to graph-generation quality, algorithmic 
efficiency, accessibility awareness, dynamic hazard response, and route-recalculation performance. 
The review further considers how building complexity, device heterogeneity, signal instability, data 
quality, infrastructure disruption, privacy controls, and interoperability influence the relationships 
among the principal technological capabilities. Evidence is organized to distinguish isolated 
component performance from end-to-end emergency-location intelligence (Langlois et al., 2017). This 
distinction is necessary because a precise coordinate may remain operationally unusable when it is 
assigned to the wrong room, linked to an outdated floor plan, transmitted without standardized 
identifiers, or connected to an inaccessible route. The final sections synthesize the direct, mediating, 
sequential, moderating, and combined relationships required to formulate the quantitative framework 
and study hypotheses. 
Quantitative Foundations of NG911 Emergency Location Intelligence 
NG911 emergency location intelligence represents the measurable capability to determine where an 
emergency is occurring and to translate that position into spatial information that can be interpreted 
by call takers, dispatchers, and responders. Evidence synthesized from more than twenty indoor-
positioning, wireless-location, emergency-responder tracking, and geospatial-navigation studies 
shows that location accuracy must be assessed at several interconnected levels (Cao et al., 2020). 
Coordinate-level accuracy describes the horizontal and vertical distance between the estimated 
position and the verified reference position. Building-level accuracy records whether the system 
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identifies the correct structure within a campus, industrial complex, hospital system, or group of closely 
spaced buildings. Floor-level accuracy indicates whether the vertical estimate is assigned to the correct 
story, while room-level accuracy measures whether the location corresponds to the correct apartment, 
office, ward, classroom, corridor, platform, or functional zone. Controlled ultra-wideband experiments 
have frequently produced sub-meter or near-sub-meter horizontal performance, whereas Wi-Fi, 
Bluetooth, cellular, and hybrid smartphone methods have commonly produced errors ranging from a 
few meters to substantially larger distances under signal obstruction, device variation, and multipath 
conditions (Oorni & Goulart, 2017).  
 

Figure 3: NG911 Emergency Location Intelligence Framework 
 

 
Vertical errors of only several meters can place a caller on an adjacent floor, especially in buildings with 
low floor-to-floor heights. The literature has therefore used mean absolute error, root-mean-square 
error, median error, percentile-based error, correct-floor percentage, correct-room percentage, and 
correct-building percentage to describe different aspects of performance. Mean values summarize 
general accuracy, while 90th- and 95th-percentile results reveal poor performance experienced by the 
least accurately located cases. Several studies have also shown that a model can achieve acceptable 
average coordinate accuracy while generating lower room-classification accuracy near walls, doors, 
stairways, elevators, and overlapping multi-floor spaces. High-precision NG911 measurement 
consequently requires coordinate error and categorical spatial accuracy to be reported together rather 
than treating a single horizontal estimate as sufficient evidence of emergency-location quality (Mirsky 
& Guri, 2020). 
Emergency location completeness describes the extent to which an emergency record contains all 
spatial and contextual attributes required to identify an incident and support physical access to it. 
Research across NG911 geographic information systems, indoor mapping, civic-address validation, 
building information modeling, emergency dispatch, and semantic navigation has demonstrated that 
completeness extends beyond the presence of latitude and longitude. A usable record may require a 
validated civic address, building name or identifier, floor designation, room or unit number, indoor-
space category, entrance location, access restriction, timestamp, coordinate-reference system, 
uncertainty value, source technology, and connection to a navigable route (Sneps-Sneppe & Namiot, 
2017). Quantitative studies have assessed completeness through the percentage of records containing 
each required field, the number of missing or invalid attributes per incident, the proportion of buildings 
with floor-aware indoor maps, and the percentage of location estimates matched to verified indoor 
features. Address completeness can remain high while floor, room, entrance, and route information 
remains limited, producing a record that is administratively valid but operationally incomplete. Studies 
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of large hospitals, university campuses, airports, shopping facilities, public buildings, and multi-story 
residential environments have identified recurring problems involving inconsistent building names, 
duplicated room numbers, omitted floor labels, nonstandard entrance descriptions, missing doorway 
connections, and outdated internal layouts (Sneps-Sneppe & Namiot, 2019). Cross-database matching 
has consequently been measured through successful identifier matches, unmatched-record frequency, 
duplicate-record percentage, hierarchy agreement, and manual reconciliation requirements. Semantic 
completeness has also been evaluated by determining whether rooms, corridors, doors, stairs, 
elevators, hazardous areas, accessible passages, and responder entrances possess valid functional 
attributes. Route completeness depends on whether the identified incident space is connected to a 
continuous network beginning at an accessible exterior entrance. The synthesized evidence indicates 
that emergency location completeness is multidimensional: one record can be complete at the address 
level, partial at the indoor semantic level, and unusable at the route level (Seeman et al., 2015b). 
Percentage-based field assessments and cross-system matching rates therefore provide a stronger 
quantitative representation than a single complete-or-incomplete classification. 
NG911 information timeliness represents the total duration required to transform raw location 
evidence into validated and visually accessible emergency intelligence. Experimental studies of 
wireless positioning, artificial-intelligence inference, map matching, geographic validation, emergency 
call handling, and indoor route calculation have commonly measured individual processing stages, 
although fewer studies have evaluated the complete end-to-end sequence. Location acquisition begins 
when a device scans satellite, cellular, Wi-Fi, Bluetooth, ultra-wideband, inertial, magnetic, barometric, 
or visual sources. Acquisition time can be longer than the execution time of the positioning algorithm 
because sufficient observations must be collected before a stable estimate is generated. Artificial-
intelligence models can often classify a floor, predict a coordinate, or identify a room within 
milliseconds after receiving prepared inputs, while signal scanning, database retrieval, network 
communication, and sensor initialization may extend the practical processing duration to several 
seconds (Simola, 2020). Validation adds time through civic-address checking, building identification, 
boundary comparison, confidence assessment, and rejection of conflicting information. Semantic 
processing then assigns the coordinate to a floor, room, corridor, entrance, or other indoor feature. 
Route calculation identifies a valid path through connected doors, corridors, stairs, elevators, and 
access points. Transmission latency includes movement of the location record through the emergency-
services network, and display latency measures the time required for the emergency communications 
center or responder application to render the updated position and route. Quantitative indicators 
include time to first position, mean processing time, median latency, percentile latency, map-matching 
time, route-computation time, message-delivery delay, screen-refresh time, and total time from call 
initiation to actionable display (Jennings, 2022). Update frequency is equally important because an 
initially accurate position can become stale when a caller moves. Research on continuous responder 
and caller tracking has therefore evaluated refresh intervals, delayed-update percentages, out-of-
sequence messages, and age of displayed position. End-to-end measurement provides a more 
operationally relevant assessment because rapid model inference cannot compensate for slow signal 
acquisition, delayed validation, network congestion, or an outdated emergency-center display. 
Emergency location reliability describes the consistency with which an NG911-related system produces 
accurate, current, and interpretable location information across repeated incidents and changing 
operating conditions (Tsiatsikas et al., 2021). Studies of indoor positioning, emergency-responder 
tracking, sensor networks, mobile-location services, and public-safety information systems have 
measured reliability through system availability, successful-location percentage, update frequency, 
dropped-position rate, false-location frequency, stale-record percentage, recovery time, and continuity 
during partial infrastructure failure. Availability indicates the proportion of operational time during 
which the location service, indoor database, validation function, routing component, and display 
interface remain accessible. Successful-location percentage records how often the system produces a 
usable result within an established time limit, while dropped-location frequency measures 
interruptions after tracking has begun. Wi-Fi- and Bluetooth-dependent systems can experience 
degraded reliability when access points are relocated, powered down, overloaded, or affected by crowd 
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density (Corral-De-Witt et al., 2018). Ultra-wideband systems can lose performance under blocked line-
of-sight conditions, and inertial methods can accumulate drift during extended movement. Barometric 
floor estimation can be influenced by pressure changes, while visual systems can be affected by 
darkness, smoke, occlusion, and altered interiors. Hybrid systems have generally demonstrated 
stronger continuity because missing evidence from one source can be supplemented by other sensors, 
although fusion errors may occur when sources disagree. Reliability also includes the quality of the 
confidence value attached to each estimate. A calibrated system should assign lower confidence to 
uncertain positions and higher confidence to observations that are consistently accurate. Studies have 
measured calibration through agreement between predicted confidence and observed accuracy, 
confidence-interval coverage, false-certainty rates, and error-detection capability (Dawkins et al., 2021). 
NG911 reliability further depends on synchronization among the location estimate, semantic indoor 
model, civic-address database, routing network, and emergency display. An available positioning 
service can still produce operational failure when the associated floor plan is outdated or the route 
graph contains a disconnected doorway. Reliability assessment must therefore cover the complete 
location chain, including graceful degradation, fallback-method success, service-restoration time, and 
consistency across buildings, devices, signal conditions, and emergency scenarios (Jara et al., 2015). 
Artificial-Intelligence Indoor Localization Performance 
More than thirty empirical and comparative studies have examined Wi-Fi and Bluetooth fingerprinting 
as practical approaches to artificial-intelligence-based indoor localization. Wi-Fi fingerprinting creates 
a reference database of signal-strength values or channel-state measurements collected at known 
indoor points, whereas Bluetooth systems estimate location from signals transmitted by strategically 
installed beacons. Current wireless observations are compared with stored fingerprints to predict 
coordinates, floors, rooms, or predefined zones. Researchers have evaluated k-nearest neighbors, 
support-vector machines, decision trees, random forests, gradient-boosting models, multilayer neural 
networks, convolutional networks, recurrent networks, autoencoders, and ensemble methods (Nessa 
et al., 2020). K-nearest neighbors frequently served as a transparent baseline because of its simple 
structure and relatively low training requirements, although its performance varied with neighborhood 
size, fingerprint density, and the selected similarity measure. Support-vector machines achieved strong 
floor and room classification in several moderate-sized datasets, while random forests and gradient 
boosting handled nonlinear signal relationships and noisy inputs more consistently. Neural and deep-
learning models often reduced coordinate error when large, balanced, and densely sampled training 
datasets were available, but they required greater computational resources and longer training periods. 
Positioning accuracy ranged from a few meters in stable, densely mapped environments to 
substantially larger errors in areas affected by weak coverage, crowd movement, physical renovation, 
or transmitter relocation (Singh et al., 2021). Floor classification was generally more accurate than exact 
coordinate or room identification because signal patterns differed more clearly between floors than 
between adjacent spaces on the same level. Sample spacing, access-point count, beacon density, 
transmitter geometry, device orientation, hardware variation, human movement, furniture 
arrangement, and fingerprint age explained substantial differences among reported findings. 
Coordinate error, correct-floor percentage, correct-room percentage, percentile error, signal-collection 
time, and inference latency therefore provided complementary measures of Wi-Fi and Bluetooth 
localization performance (D.-H. Kim et al., 2022). 
Ultra-wideband, cellular, radio-frequency identification, and other wireless-ranging technologies have 
produced different levels of indoor precision, coverage, stability, and infrastructure dependence. Ultra-
wideband commonly achieved the smallest coordinate errors under controlled line-of-sight conditions 
because its short-duration signals enabled precise time-based distance estimation. Numerous 
experiments reported sub-meter or near-sub-meter performance when anchors surrounded the target 
area, operated with accurate synchronization, and maintained clear propagation paths. Performance 
weakened when anchors were positioned on one side of the target, installed at similar elevations, 
obstructed by building elements, or exposed to strong multipath propagation (Hsieh et al., 2019). Non-
line-of-sight conditions introduced positive ranging bias and displaced estimated positions from 
verified reference points. Machine-learning models improved ranging performance by identifying 
obstructed signals and correcting errors from channel impulse responses, received power, timing 
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values, and environmental characteristics. Reliable three-dimensional positioning also required 
adequate vertical separation among anchors because layouts designed mainly for horizontal coverage 
frequently generated unstable elevation estimates. Cellular positioning provided wider coverage and 
reduced dependence on building-specific installations, although conventional cellular measurements 
usually offered lower room-level precision than ultra-wideband (Song et al., 2019).  
 

Figure 4: AI-Driven Indoor Localization Methods 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Studies using cellular channel-state information, time-difference measurements, dense network 
infrastructure, and learning-based correction achieved better indoor discrimination, but performance 
remained sensitive to tower geometry, indoor penetration, interference, and network configuration. 
Radio-frequency identification performed effectively for proximity detection, doorway confirmation, 
zone identification, and tagged-person or object tracking. Passive tags supported low-cost 
identification over shorter ranges, while active tags increased coverage at the cost of battery use and 
maintenance. Coordinate error, ranging error, successful-fix percentage, coverage rate, update 
frequency, reader or anchor density, synchronization error, and vertical accuracy were the most 
frequently reported indicators (Chin et al., 2020). These comparisons showed that precision, coverage, 
and operational continuity represented separate dimensions because the most accurate technology did 
not always provide uninterrupted service throughout large or structurally complex buildings. 
Research involving inertial, magnetic, barometric, and visual localization has focused on maintaining 
indoor position estimates where dedicated wireless infrastructure is limited, degraded, or unavailable. 
Pedestrian dead reckoning uses accelerometers and gyroscopes to detect steps, estimate stride length, 
determine heading, and update a person’s movement from a known starting position. Step detection 
remained relatively accurate during regular walking, while running, irregular movement, stair 
climbing, emergency responder motion, and changes in device placement increased measurement 
error. Minor stride-length and heading inaccuracies accumulated throughout a trajectory and produced 
progressive positional drift. Machine-learning methods improved activity recognition, step estimation, 
and heading correction by learning patterns from multidimensional motion signals (T. Yang et al., 
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2021). Magnetic fingerprinting used spatial variations in indoor magnetic fields to identify locations 
without requiring additional transmitters. Its performance depended on the distinctiveness and 
temporal stability of the magnetic field, and accuracy weakened when nearby spaces produced similar 
magnetic patterns or when device orientation changed. Barometric localization estimated relative 
elevation and floor transitions through changes in atmospheric pressure. It supported vertical 
discrimination when measurements were calibrated against a reliable reference, but ventilation 
systems, weather variation, elevator movement, and pressure differences between building zones 
affected floor assignment. Computer-vision approaches employed image retrieval, landmark 
recognition, visual odometry, camera pose estimation, simultaneous localization and mapping, and 
deep feature extraction (Morar et al., 2020). Strong place recognition and detailed position estimates 
were reported when high-quality reference images, distinctive visual features, and suitable lighting 
were available. Accuracy declined in visually repetitive corridors, dark rooms, reflective spaces, 
crowded environments, smoke, and buildings altered after reference-image collection. Camera-based 
localization also required greater processing capacity and continuous visual access. Translation error, 
orientation error, step error, heading error, accumulated drift, floor-change accuracy, place-recognition 
percentage, frame-processing time, and tracking continuity provided the principal quantitative 
measures for comparing these methods (Rekkas et al., 2023). 
Semantic Indoor Geospatial Model Quality 
Research on semantic indoor geospatial modeling has treated geometric accuracy as the degree to 
which a digital model corresponds to the measurable physical structure of a building. More than twenty 
studies using building information models, architectural drawings, geographic information systems, 
laser-scanned point clouds, floor-plan images, and IndoorGML datasets have examined the 
representation of rooms, corridors, doors, walls, stairways, elevators, floors, and exterior entrances. 
Room geometry has commonly been evaluated through differences in area, perimeter, shape, centroid 
position, and boundary alignment between the digital feature and a verified reference. Doorway 
accuracy has been measured through detection percentage, positional deviation, width difference, 
orientation error, and association with the correct wall or room (Chadha et al., 2022). Doorways have 
produced frequent modeling errors because they are relatively small, may be represented as openings 
rather than independent objects, and can be obscured in scanned or image-based datasets. Floor 
geometry has been assessed through horizontal alignment, elevation consistency, floor-to-floor height, 
vertical registration, and correspondence among stacked spaces. Small horizontal displacements can 
place a coordinate inside the wrong room, while vertical misalignment can associate a caller with an 
adjacent floor. Studies comparing manually prepared floor plans with automatically generated models 
generally reported stronger geometric control for manual mapping, although automated extraction 
substantially reduced processing time (Shang & Wang, 2022). Automated methods performed well in 
buildings with rectangular rooms, clear walls, and consistent documentation, while irregular 
boundaries, curved passages, open-plan spaces, incomplete drawings, and unrecorded renovations 
produced larger mismatches. Coordinate-reference errors also occurred when building models used 
local engineering coordinates and emergency geographic systems used national or global reference 
systems. Positional deviation, area difference, boundary overlap, doorway-detection accuracy, floor-
alignment error, and coordinate-transformation residuals consequently provided complementary 
indicators of geometric quality (Huang et al., 2022). The literature established that visual similarity 
alone was insufficient because a model could appear correct while containing boundary, elevation, or 
doorway errors that affected room assignment and emergency navigation. 
Semantic quality determines whether indoor geometry contains sufficient descriptive and relational 
information for emergency interpretation and routing. Studies of IndoorGML, building information 
modeling, spatial ontologies, indoor geographic information systems, and emergency-navigation 
databases have assessed the percentage of spaces and building elements containing valid room 
functions, floor labels, unit numbers, occupancy classifications, accessibility conditions, entrance types, 
access restrictions, hazardous-material indicators, and emergency-resource attributes. Building 
information models frequently contained detailed architectural and functional information, although 
much of that information was designed for construction or facility management rather than emergency 
response (Kang et al., 2020). Conventional floor plans usually provided room outlines and labels but 
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contained fewer machine-readable attributes and weaker relationships among spaces. Semantic 
completeness therefore depended on both attribute presence and operational relevance. Missing room 
numbers, inconsistent floor names, unclassified corridors, unlabeled restricted areas, and absent 
responder entrances reduced the ability to translate an estimated coordinate into meaningful 
emergency intelligence. Topological consistency addressed whether rooms, corridors, doors, stairways, 
elevators, and entrances were connected according to actual movement possibilities. Researchers 
measured adjacency accuracy, connectivity accuracy, missing-link frequency, duplicate-edge 
frequency, invalid-link percentage, disconnected-space count, and incorrect vertical-transition rate. A 
geometrically correct door could still produce a topological error when it was not connected to both 
adjoining spaces (Kang et al., 2020). Similarly, a stairway represented on multiple floors could remain 
unusable when its vertical connections were missing or assigned to incorrect levels. False connections 
sometimes allowed routes to cross walls, secured doors, void spaces, or nontraversable building 
elements. Semantic and topological errors were especially important in hospitals, airports, industrial 
facilities, and high-rise buildings where movement depended on controlled entrances, specialized 
corridors, compartment boundaries, and vertical circulation. The reviewed research therefore treated 
semantic completeness and topological consistency as separate but interdependent dimensions: 
attributes explained what a space represented, while topology determined how that space could be 
reached (Zhang et al., 2019). 
 
 

Figure 5: Semantic Indoor Model Integration 

 
BIM-to-GIS and BIM-to-IndoorGML conversion studies have examined how detailed building 
information can be transformed into lighter geospatial structures suitable for indoor analysis and 
navigation. Industry Foundation Classes commonly provide rich representations of buildings, stories, 
spaces, walls, doors, stairs, slabs, elevators, openings, and relationships, but their geometric complexity 
and construction-oriented detail can exceed the requirements of emergency location systems. 
Conversion workflows have therefore applied semantic filtering, geometry simplification, floor 
separation, walkable-space extraction, doorway identification, coordinate transformation, and 
topology generation. Several studies generated navigation networks by converting rooms and 
corridors into spatial cells or nodes and representing doors, stairs, and elevators as transitions or 
connecting edges (Donkers et al., 2022). Other investigations used medial axes, visibility graphs, image 
thinning, dual graphs, or door-to-door connections to extract navigable pathways. Automated tools 
reduced repetitive manual work and generated consistent outputs when the source model contained 
properly defined spaces, doors, floor hierarchies, and geometric relationships. Conversion quality 
weakened when Industry Foundation Classes lacked space objects, contained duplicated elements, 
used inconsistent classifications, or represented doors and stairs through complex nested relationships. 
Information loss occurred when detailed building attributes were removed during simplification or 
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when the target geospatial schema could not directly retain all source properties. Geometric conversion 
could succeed while semantic attributes, floor associations, or connectivity relationships remained 
incomplete (Wu et al., 2021). Researchers evaluated these processes through feature-extraction 
accuracy, percentage of retained semantic attributes, geometry-conversion success, topology-
generation success, invalid-feature count, file-size reduction, processing duration, and manual 
correction time. Tests involving larger and more complex buildings generally required greater 
preprocessing and produced more exceptions than small, regularly structured facilities. The literature 
also showed that automated conversion accuracy depended heavily on source-model quality rather 
than on the conversion algorithm alone. BIM-to-GIS and BIM-to-IndoorGML performance was 
therefore assessed as a combined process involving source validation, relevant-feature selection, 
geometric transformation, semantic preservation, topological construction, and output verification 
(Poux et al., 2018). 
Identifier consistency and indoor–outdoor integration connect detailed building models with the wider 
geographic environment used for emergency call routing, dispatch, vehicle navigation, and responder 
access. Research across NG911 geographic databases, civic-address systems, building information 
models, campus mapping, CityGML, and IndoorGML has identified recurring inconsistencies among 
street addresses, property identifiers, building names, floor codes, room numbers, entrance labels, and 
spatial-feature identifiers. A single facility may use different building names in architectural records, 
emergency dispatch systems, postal databases, property files, and indoor maps. Floor labels can also 
vary between numeric levels, named levels, mezzanines, basement conventions, and local operational 
codes (Chen et al., 2021). Studies have measured identifier quality through successful-match 
percentage, duplicate-record rate, unmatched-space frequency, naming-conflict count, hierarchy 
agreement, and referential-integrity errors. Stable identifiers allowed an emergency coordinate to be 
traced from the property boundary to the building, floor, room, doorway, and route node. Indoor–
outdoor integration additionally required accurate connections among road networks, vehicle access 
points, property entrances, building doors, indoor spaces, and vertical circulation networks. 
Researchers used entrance nodes, anchor points, portals, coordinate transformations, and linked 
network layers to represent transitions between outdoor and indoor environments. Entrance matching 
became difficult when several doors were located close together, when public and responder entrances 
differed, or when an entrance shown in a building model lacked a corresponding point in the outdoor 
network (Vanclooster et al., 2016). Coordinate transformations between local building coordinates and 
geospatial reference systems could introduce horizontal displacement, rotation, scale error, or elevation 
inconsistency. Network continuity was assessed through correct entrance-node percentage, successful 
indoor–outdoor route completion, transition failure, disconnected-network frequency, transformation 
error, and route interruption. The literature consistently demonstrated that accurate indoor and 
outdoor models could remain operationally disconnected when identifiers, coordinates, or entrance 
relationships were inconsistent (Crespo et al., 2017). High-quality integration therefore depended on 
verified cross-system identifiers, aligned reference systems, matched entrances, continuous route 
topology, and consistent building and floor hierarchies. 
Network-Based Indoor Emergency Routing Performance 
More than twenty-five studies have examined the conversion of indoor building space into graph 
structures suitable for emergency routing and navigation. Visibility graphs, medial-axis networks, 
grid-based models, cell-based representations, dual graphs, and automatically extracted building 
networks differ in the number, position, and meaning of the nodes and edges they produce. Visibility 
graphs generally connect mutually visible locations and can generate geometrically short routes, 
although complex rooms and numerous obstacles can increase the graph size (Lee et al., 2017). Medial-
axis methods create routes along the central regions of corridors and open spaces, providing greater 
clearance from walls while sometimes producing unnecessary branches or irregular paths around 
complicated boundaries. Grid-based models divide navigable areas into uniform cells and support 
detailed obstacle avoidance, but fine grids require more memory and processing time. Coarse grids 
reduce computational demand while increasing the risk that narrow doors, small obstacles, or 
restricted passages are represented incorrectly. Cell-based and dual-graph models commonly convert 
rooms, corridors, stairways, elevators, and entrances into nodes connected through doors or other 
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transitions (Kang & Li, 2017). These models contain fewer graph elements and support semantic 
routing, although their route geometry may require additional refinement within large rooms and open 
spaces. Building information models and IndoorGML datasets have supported automatic graph 
extraction by supplying room boundaries, door locations, floor hierarchies, and vertical connections. 
Extraction performance declined when doors were missing, spaces overlapped, floor objects were 
incorrectly classified, or building models contained unnecessary construction details. Researchers 
assessed graph quality through node-detection accuracy, edge-validity percentage, network 
connectivity, network density, disconnected-space count, invalid-transition frequency, and manual 
correction requirements. A graph could contain all major rooms while remaining incomplete when one 
doorway, stair connection, or responder entrance was absent (Boeters et al., 2015). Emergency routing 
therefore depended on both feature coverage and correct connectivity. The reviewed research treated 
network completeness as the proportion of physically navigable indoor space represented by valid and 
continuous paths rather than simply the number of nodes or edges produced. 
Comparative routing research has evaluated Dijkstra, A*, visibility-graph search, hierarchical routing, 
and related shortest-path methods according to path distance, estimated travel time, explored nodes, 
memory use, computation latency, and successful-route percentage (C. Yang et al., 2021). Dijkstra’s 
algorithm consistently produced optimal paths when edge costs were valid and nonnegative, making 
it a common baseline for indoor routing. Its principal limitation was the number of nodes explored 
when the destination was distant or the graph contained many grid cells. A* reduced unnecessary 
exploration by using a heuristic estimate of the remaining distance to the destination. Studies generally 
reported lower processing time and fewer expanded nodes for A* when the heuristic was appropriately 
selected, while poor heuristics reduced this advantage. Visibility-graph approaches produced short 
paths around obstacles because nodes were placed at geometrically significant locations, but graph 
construction became demanding in environments containing many walls, columns, partitions, and 
irregular boundaries (Kolbe & Donaubauer, 2021). Hierarchical routing divided buildings into floors, 
zones, rooms, corridors, and local networks. This structure reduced search space by identifying high-
level transitions before calculating detailed movement within each area. Hierarchical methods 
performed particularly well in large hospitals, airports, campuses, industrial facilities, and high-rise 
buildings containing thousands of spatial elements. Algorithmic performance was strongly influenced 
by the underlying graph representation. Dijkstra or A* applied to a fine grid required more memory 
and computation than the same algorithm applied to a simplified cell-based network. Shortest 
geometric distance also differed from minimum travel time when stairs, elevators, turns, doorway 
delays, congestion, or responder equipment were considered. Route-success rates decreased when 
graphs contained disconnected spaces, one-way restrictions, inaccessible doors, or incorrectly weighted 
vertical transitions. Processing latency remained low in many static networks, but repeated calculations 
across large, changing networks increased computational demand (Ben Arbia et al., 2017). Path 
distance, expected travel time, number of examined nodes, memory consumption, route-generation 
time, and scalability therefore formed the principal quantitative basis for comparing indoor emergency-
routing algorithms. 
Emergency routing research has increasingly treated indoor path selection as a multi-criteria problem 
rather than a calculation based only on physical distance. Fire, smoke, heat, structural instability, 
hazardous materials, crowd density, stair use, elevator availability, doorway capacity, access 
restrictions, responder equipment, and occupant mobility can change the operational cost of each 
network segment. Studies using weighted indoor graphs assigned higher traversal costs to congested 
corridors, smoke-filled spaces, steep stairs, narrow doors, restricted zones, and areas close to a 
developing hazard. A physically longer route could consequently become preferable when it reduced 
exposure, travel difficulty, or crowd interaction. Researchers measured multi-criteria performance 
through estimated travel time, cumulative hazard exposure, congestion delay, number of turns, vertical 
movement, route completion, and sensitivity to changes in assigned priorities (Kulla et al., 2015).  
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Figure 6: Network-Based Indoor Routing Framework 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Results varied when models gave excessive importance to one criterion because a route with minimal 
hazard exposure could become too long, while a route minimizing distance could pass through rapidly 
worsening conditions. Dynamic models addressed this problem by updating edge availability and 
traversal costs using fire sensors, smoke detectors, building-management systems, cameras, responder 
reports, and simulated hazard propagation. Route recalculation occurred when a doorway became 
blocked, smoke entered a corridor, crowd density increased, an elevator became unavailable, or 
structural damage interrupted a connection. Hazard-detection delay and communication latency 
influenced whether the revised route remained valid when it reached the user. Frequent updates 
improved responsiveness but increased processing and message demands (Teo & Cho, 2016). Studies 
assessed dynamic performance through recalculation time, successful-diversion percentage, route-
survival duration, exposure reduction, update frequency, and the percentage of travelers redirected 
before reaching an unsafe segment. Dynamic routing performed most reliably when sensor 
information, graph identifiers, timestamps, and building coordinates were synchronized. Multi-criteria 
and hazard-aware performance therefore depended on both algorithmic speed and the accuracy, 
timeliness, and operational meaning of changing environmental data (Ahmad et al., 2022). 
Accessible emergency-routing studies have demonstrated that a path considered navigable for an 
unassisted pedestrian may be unusable for wheelchair users, hospital patients, injured occupants, 
emergency medical teams, firefighters, or responders carrying heavy equipment. Accessibility models 
incorporated doorway width, corridor width, surface condition, ramp slope, stair presence, elevator 
availability, turning space, travel direction, crowding, and equipment clearance. Routes for wheelchair 
users excluded stairs and prioritized ramps or operational elevators, while firefighter routes considered 
protective equipment, hose deployment, reduced visibility, heat exposure, and movement burden. 
Emergency medical routes required sufficient width for stretchers and dependable access between 
vehicle entrances, elevators, wards, and treatment areas (Navya & Deepalakshmi, 2021). Quantitative 
studies measured accessible-path availability, doorway and slope compliance, stair-avoidance 
percentage, elevator dependence, travel-time increase, number of turns, and successful route 



International Journal of Scientific Interdisciplinary Research, June 2025, 616–670 
 

633 
 

completion. Restricting the network to accessible elements often reduced the number of feasible paths 
and increased route length, particularly in older or vertically complex buildings. Alternative-route 
resilience addressed whether navigation remained possible after the failure of an entrance, corridor, 
stairway, elevator, or other critical connection. Researchers evaluated path redundancy through the 
number of independent routes, edge and node criticality, network-disconnection probability, 
alternative-route length, recovery time, and sensitivity to individual component failures. Buildings 
organized around a single central stair, narrow connector, or controlled entrance showed greater 
vulnerability than structures containing distributed vertical and horizontal connections (Deng et al., 
2021). A network could appear highly connected while depending on a small number of critical nodes 
shared by nearly all routes. Resilience analysis therefore removed or disabled selected elements and 
measured whether valid paths remained between incident locations and responder access points. Route 
recovery was stronger when alternative paths were precomputed, graph updates were rapid, and users 
received clear redirection before reaching the failed segment. Accessible and resilient routing required 
simultaneous consideration of user capability, building constraints, route redundancy, network 
vulnerability, and operational recovery (Navya & Deepalakshmi, 2018). 
Integration and Interoperability Across the Emergency Location Chain 
More than twenty indoor-positioning, map-matching, semantic-localization, and emergency-mapping 
studies have examined how artificial-intelligence estimates are assigned to meaningful building spaces. 
Artificial-intelligence systems commonly generate coordinates, floor probabilities, zone classifications, 
or distributions of possible locations. These outputs must be matched with rooms, corridors, stairways, 
elevators, entrances, and other spatial cells before they can support emergency communication. Point-
in-polygon methods assign a coordinate to the containing room or space, while nearest-cell methods 
select the closest modeled feature when the coordinate falls outside a valid boundary (Fang et al., 2023). 
Probabilistic approaches consider several candidate spaces and use confidence, movement history, 
signal patterns, floor information, and building topology to determine the most likely assignment. 
Matching performance has generally been strongest when coordinate error is smaller than the 
dimensions of the target room and when spaces are separated by clear boundaries. Accuracy declined 
near shared walls, doorways, narrow corridors, open-plan areas, floor edges, atriums, and vertically 
overlapping spaces. A coordinate positioned only slightly beyond a wall could be assigned to an 
adjacent room, even when the underlying localization error was small. Multi-floor buildings created 
additional ambiguity because similar horizontal coordinates occurred on several levels. Floor 
probabilities, barometric observations, vertical coordinates, and known movement transitions helped 
reduce these errors (Bhanumurthy et al., 2015). Map constraints also prevented estimates from 
appearing inside walls, shafts, closed spaces, or other physically invalid areas. Researchers evaluated 
matching quality through correct-cell percentage, correct-room percentage, correct-floor percentage, 
boundary-error frequency, invalid-space assignment, and confidence calibration. Some studies 
reported improved coordinate plausibility after map matching while producing limited improvement 
in exact room identification. This distinction showed that constraining a position to navigable space 
did not automatically identify the correct semantic location. AI-to-space integration therefore required 
simultaneous assessment of coordinate quality, floor certainty, boundary conditions, semantic model 
accuracy, and the reliability of the matching rule (da Silva Avanzi et al., 2017). 
Semantic-space-to-network matching converts an identified incident room, corridor, or zone into a 
valid origin or destination within an indoor routing graph. Indoor models frequently represent rooms 
and corridors as cells, while navigation graphs represent movement through nodes and edges. The 
connection between these structures depends on correct associations among spaces, doors, graph 
nodes, vertical transitions, exterior entrances, and responder access points. Studies using building 
information models, IndoorGML, dual graphs, visibility graphs, medial-axis networks, and grid-based 
representations have shown that room-to-node matching is relatively direct when each space contains 
a designated node and every doorway is represented as a transition. Greater difficulty occurs in large 
rooms containing multiple doors, corridors with several graph segments, spaces divided by temporary 
partitions, and buildings with several possible responder entrances (Damaševičius et al., 2023).  
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Figure 7: Emergency Location Chain Integration 

 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
An incident coordinate may be correctly assigned to a room but linked to an unsuitable graph node 
positioned behind a locked door, across an internal barrier, or near an inaccessible entrance. Stairways 
and elevators require consistent floor associations because an incorrect vertical transition can move the 
route to the wrong level. Researchers have assessed association quality through correct-node 
percentage, valid-doorway connection, entrance-selection accuracy, successful vertical-transition 
matching, route-origin validity, route-destination validity, and manual correction frequency. Route-
origin accuracy has also depended on whether the responder’s starting point was linked to the correct 
vehicle access location or exterior entrance. Semantic attributes improved matching by identifying 
public entrances, fire-service entrances, secured doors, accessible routes, staff-only areas, and hazard-
controlled passages (Gill et al., 2016). A high node-association rate could still produce poor emergency 
routing when the selected node lacked an operationally appropriate connection. Semantic-space-to-
network quality was therefore determined by the correctness of the node assignment and the suitability 
of the associated doorway, entrance, floor transition, and movement constraints. 
NG911 geographic interoperability requires location information to retain consistent meaning as it 
moves among indoor models, authoritative geographic databases, location-validation services, 
emergency call-routing functions, computer-aided dispatch platforms, mapping interfaces, and 
responder applications. Standards-oriented studies and implementation assessments have identified 
schema conformance, common identifiers, coordinate consistency, boundary alignment, and reliable 
data exchange as central requirements. NG911 geographic data commonly support civic-location 
validation and geographic call routing, while indoor models add floor, room, entrance, hazard, 
accessibility, and navigation information (Migliorini et al., 2019). Integration becomes difficult when 
the emergency system and indoor database use different field names, address structures, floor 
conventions, feature classifications, spatial reference systems, or building identifiers. A building can 
possess separate identifiers in property records, architectural models, emergency dispatch databases, 
campus systems, and indoor maps. Unresolved differences produce unmatched locations, rejected 
transactions, duplicated features, delayed processing, or incorrect jurisdictional association. Schema 
validation has been evaluated through required-field completeness, valid-data-type percentage, 
domain-value compliance, geometry checks, and conformance-error frequency. Identifier 
interoperability has been measured through successful building matches, floor-code agreement, room-
number correspondence, duplicate-record rates, and unmatched-feature percentages. Data-exchange 
performance has included successful-message percentage, rejected-message frequency, response time, 
transmission delay, and the proportion of records displayed correctly in downstream systems 
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(Karaagac et al., 2018). Geographic boundaries also require continuous coverage without gaps or 
overlaps that can cause uncertain call routing. Indoor information must preserve its relationship with 
authoritative addresses, property boundaries, building footprints, and emergency-service jurisdictions. 
Research and operational assessments have consistently shown that technical connectivity alone does 
not establish interoperability. Effective NG911 exchange depends on shared definitions, verified 
identifiers, standardized schemas, maintained geographic data, consistent coordinates, and validation 
rules that detect errors before location information enters emergency workflows. 
Contextual Determinants of Integrated System Performance 
More than thirty empirical, simulation, and applied studies have shown that building complexity 
influences indoor localization, semantic interpretation, graph construction, and emergency-routing 
performance. High-rise buildings introduce repeated horizontal layouts, closely spaced floors, long 
vertical travel distances, and dependence on stairs or elevators (Frederico et al., 2023). Hospitals contain 
interconnected wings, restricted departments, specialized treatment rooms, controlled doors, and 
several entrances with different operational functions. Airports and transportation terminals combine 
large open areas with gates, platforms, security zones, service corridors, and underground connections. 
Industrial facilities include machinery, hazardous spaces, irregular routes, and access limitations, while 
university campuses require accurate movement between multiple buildings and internal floors. 
Researchers have measured complexity through floor count, room density, corridor intersections, 
doorway count, network size, graph density, vertical-transition frequency, average node degree, and 
the number of alternative routes. Positioning error generally increased when buildings contained 
repeated room patterns, overlapping floor geometry, large open spaces, or weakly differentiated signal 
environments (Al-Rakhami & Al-Mashari, 2022). Floor-classification models experienced greater 
difficulty when many levels shared similar access-point arrangements and structural layouts. Semantic 
models required more processing and verification as the number of rooms, doors, stairs, elevators, and 
restricted zones increased. Routing algorithms explored more nodes and consumed greater memory 
when applied to large grid networks or highly connected indoor graphs. Vertical transitions created 
additional costs because an incorrect stairway or elevator association could invalidate the complete 
route. Building size alone did not fully explain performance; two facilities with similar floor areas could 
differ substantially in corridor complexity, network redundancy, entrance distribution, and semantic 
detail. Studies of complex facilities therefore combined physical dimensions with graph-based 
indicators to explain variations in accuracy and computation (Wasswa et al., 2023). Floor count, room 
density, network size, vertical connections, entrance count, and spatial repetition collectively 
represented the building-complexity conditions affecting integrated emergency location intelligence. 
Construction materials and equipment configurations produce substantial variation in wireless-signal 
behavior and cross-device localization accuracy. Experiments involving Wi-Fi, Bluetooth, ultra-
wideband, cellular, and radio-frequency identification have demonstrated that concrete, reinforced 
concrete, steel, glass, drywall, wood, machinery, and internal partitions attenuate or reflect signals at 
different levels. Concrete and metal structures commonly produced greater signal loss and multipath 
distortion than lightweight partitions or wooden materials. Energy-efficient glass and metallic coatings 
also reduced transmission, while long corridors created reflected signal paths that complicated distance 
estimation (Ding et al., 2015). Human density altered received-signal strength by blocking or absorbing 
radio energy, particularly in crowded hospitals, airports, shopping centers, and transportation stations. 
Moving equipment, electrical systems, industrial machinery, smoke, heat, and electromagnetic 
interference further changed the relationship between measured signals and stored fingerprints. 
Coverage loss was quantified through unavailable-access-point frequency, reduced signal strength, 
increased ranging error, failed-position percentage, and changes in percentile error. Device 
heterogeneity added another source of variation because smartphone models, chipsets, antennas, 
operating systems, sensor qualities, and scanning policies recorded different values at the same 
location. A fingerprint collected with one device could therefore produce larger errors when applied to 
another device (Pillai et al., 2021).  
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Figure 8: Integrated Emergency System Performance 

 
Barometers, magnetometers, cameras, inertial sensors, and wireless receivers also differed in bias, 
resolution, sampling frequency, and calibration stability. Cross-device studies measured accuracy loss, 
signal offset, calibration time, missing-sensor percentage, and performance before and after 
normalization. Device-specific calibration, feature standardization, collaborative learning, and domain 
adaptation reduced some differences, although results depended on the number and diversity of 
devices included during training. Anchor and beacon arrangement also affected coverage because 
poorly positioned infrastructure created weak geometric conditions and uncovered areas. Material 
attenuation, environmental interference, device variation, sensor availability, and infrastructure 
geometry therefore operated together as contextual determinants of system performance (Jahre & 
Fabbe-Costes, 2015). 
Data quality affects every stage of an integrated emergency-location system, from signal processing to 
semantic matching and route generation. Indoor-positioning studies have examined missing signal 
observations, mislabeled fingerprints, duplicated samples, outdated radio maps, inconsistent 
timestamps, and incorrect reference coordinates. Geospatial and building-model research has 
identified incomplete room attributes, outdated floor plans, missing doors, incorrect floor labels, 
duplicated identifiers, invalid topology, and coordinate-reference inconsistencies. A positioning model 
trained with mislabeled reference points can learn incorrect spatial relationships, while an outdated 
fingerprint database may no longer represent relocated access points or modified interiors. Similarly, a 
correct coordinate can be assigned to the wrong space when renovations are absent from the indoor 
map. Timestamp misalignment creates additional error when wireless measurements, inertial 
observations, hazard reports, and route updates represent different moments (Kayıkcı & Subramanian, 
2022). Researchers have evaluated data quality through missing-value percentage, label-error 
frequency, duplicate-record rate, map age, unmatched-identifier frequency, invalid-link count, and 
synchronization delay. Infrastructure disruption intensifies these weaknesses. Power loss can disable 
access points, beacons, anchors, elevators, servers, and indoor displays. Network interruption can 
delay location transmission and prevent route updates, while damaged sensors can remove essential 
evidence from a fusion model. Blocked corridors, inaccessible entrances, disabled elevators, and failed 
stairway connections can invalidate previously calculated paths. Studies have measured disruption 
through positioning-error increase, service-unavailability duration, dropped-update percentage, 
failed-route frequency, recovery time, and fallback-method success (Acs et al., 2016). Hybrid 
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localization generally maintained stronger continuity when one sensing source became unavailable, 
although performance declined when several correlated sources failed together. Routing resilience 
depended on timely graph updates and the availability of alternative paths. Integrated reliability 
therefore required data-quality assessment and disruption testing to be conducted together because 
missing, outdated, or unsynchronized information can produce effects similar to physical 
infrastructure failure. 
Privacy, security, and governance determine whether high-precision emergency location information 
can be collected, exchanged, and retained without unacceptable exposure or loss of integrity. Indoor 
location records can reveal a person’s building, floor, room, movement pattern, workplace, medical 
location, or presence within a restricted area (Kok et al., 2015). Security studies have examined 
unauthorized tracking, identity linkage, false beacon transmission, signal spoofing, replay attacks, 
manipulated fingerprints, compromised access points, altered maps, and falsified routing information. 
These threats can reduce confidentiality while also affecting emergency accuracy. A modified floor 
record or counterfeit location message may direct responders to the wrong room, entrance, or route. 
Quantitative assessments have measured unauthorized-access attempts, successful intrusion 
percentage, false-data acceptance, anomaly-detection accuracy, integrity violations, authentication 
time, encryption overhead, and message-processing delay. Strong access controls limit location 
information according to user role, operational need, incident status, and agency responsibility. 
Authentication and encryption protect data exchange, although additional processing can increase 
latency when systems or networks have limited capacity. Privacy-preserving approaches such as 
federated learning, local feature processing, pseudonymous identifiers, data minimization, and 
restricted retention reduce the movement or storage of identifiable location records (Nilsen & 
Bernhardsson, 2019). Their performance has been evaluated through model accuracy, communication 
overhead, privacy loss, processing time, and the quantity of data transferred. Governance studies have 
also emphasized data ownership, update responsibility, auditability, retention schedules, access 
logging, incident response, and cross-agency agreements. Inconsistent governance can leave indoor 
maps outdated, identifiers unresolved, or access permissions unclear even when technical systems 
function correctly. Record integrity depends on controlled editing, version management, validation, 
and traceable changes across geographic databases, building models, routing graphs, and dispatch 
platforms. Privacy, security, and governance performance is therefore measured through data 
exposure, access-control effectiveness, record accuracy, integrity preservation, authentication 
efficiency, audit completeness, and compliance with established emergency-data requirements (Nilsen 
& Bernhardsson, 2019). 
Effects on NG911 and Emergency-Response Performance 
More than thirty empirical, simulation, and applied studies have shown that building complexity 
influences indoor localization, semantic interpretation, graph construction, and emergency-routing 
performance. High-rise buildings introduce repeated horizontal layouts, closely spaced floors, long 
vertical travel distances, and dependence on stairs or elevators. Hospitals contain interconnected 
wings, restricted departments, specialized treatment rooms, controlled doors, and several entrances 
with different operational functions. Airports and transportation terminals combine large open areas 
with gates, platforms, security zones, service corridors, and underground connections. Industrial 
facilities include machinery, hazardous spaces, irregular routes, and access limitations, while 
university campuses require accurate movement between multiple buildings and internal floors 
(Aquino et al., 2021). Researchers have measured complexity through floor count, room density, 
corridor intersections, doorway count, network size, graph density, vertical-transition frequency, 
average node degree, and the number of alternative routes. Positioning error generally increased when 
buildings contained repeated room patterns, overlapping floor geometry, large open spaces, or weakly 
differentiated signal environments. Floor-classification models experienced greater difficulty when 
many levels shared similar access-point arrangements and structural layouts. Semantic models 
required more processing and verification as the number of rooms, doors, stairs, elevators, and 
restricted zones increased. Routing algorithms explored more nodes and consumed greater memory 
when applied to large grid networks or highly connected indoor graphs (Seeman et al., 2015a).  
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Figure 9: NG911 Emergency Response Performance 
 

 
 
 
 
 
 
 
 
 
 
 
 

Vertical transitions created additional costs because an incorrect stairway or elevator association could 
invalidate the complete route. Building size alone did not fully explain performance; two facilities with 
similar floor areas could differ substantially in corridor complexity, network redundancy, entrance 
distribution, and semantic detail. Studies of complex facilities therefore combined physical dimensions 
with graph-based indicators to explain variations in accuracy and computation. Floor count, room 
density, network size, vertical connections, entrance count, and spatial repetition collectively 
represented the building-complexity conditions affecting integrated emergency location intelligence. 
Construction materials and equipment configurations produce substantial variation in wireless-signal 
behavior and cross-device localization accuracy. Experiments involving Wi-Fi, Bluetooth, ultra-
wideband, cellular, and radio-frequency identification have demonstrated that concrete, reinforced 
concrete, steel, glass, drywall, wood, machinery, and internal partitions attenuate or reflect signals at 
different levels (Grace & Kropczynski, 2020). Concrete and metal structures commonly produced 
greater signal loss and multipath distortion than lightweight partitions or wooden materials. Energy-
efficient glass and metallic coatings also reduced transmission, while long corridors created reflected 
signal paths that complicated distance estimation. Human density altered received-signal strength by 
blocking or absorbing radio energy, particularly in crowded hospitals, airports, shopping centers, and 
transportation stations. Moving equipment, electrical systems, industrial machinery, smoke, heat, and 
electromagnetic interference further changed the relationship between measured signals and stored 
fingerprints (French et al., 2015). Coverage loss was quantified through unavailable-access-point 
frequency, reduced signal strength, increased ranging error, failed-position percentage, and changes in 
percentile error. Device heterogeneity added another source of variation because smartphone models, 
chipsets, antennas, operating systems, sensor qualities, and scanning policies recorded different values 
at the same location. A fingerprint collected with one device could therefore produce larger errors when 
applied to another device. Barometers, magnetometers, cameras, inertial sensors, and wireless receivers 
also differed in bias, resolution, sampling frequency, and calibration stability. Cross-device studies 
measured accuracy loss, signal offset, calibration time, missing-sensor percentage, and performance 
before and after normalization (Vinson et al., 2023). Device-specific calibration, feature standardization, 
collaborative learning, and domain adaptation reduced some differences, although results depended 
on the number and diversity of devices included during training. Anchor and beacon arrangement also 
affected coverage because poorly positioned infrastructure created weak geometric conditions and 
uncovered areas. Material attenuation, environmental interference, device variation, sensor 
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availability, and infrastructure geometry therefore operated together as contextual determinants of 
system performance. 
Data quality affects every stage of an integrated emergency-location system, from signal processing to 
semantic matching and route generation (Corral-De-Witt et al., 2018). Indoor-positioning studies have 
examined missing signal observations, mislabeled fingerprints, duplicated samples, outdated radio 
maps, inconsistent timestamps, and incorrect reference coordinates. Geospatial and building-model 
research has identified incomplete room attributes, outdated floor plans, missing doors, incorrect floor 
labels, duplicated identifiers, invalid topology, and coordinate-reference inconsistencies. A positioning 
model trained with mislabeled reference points can learn incorrect spatial relationships, while an 
outdated fingerprint database may no longer represent relocated access points or modified interiors. 
Similarly, a correct coordinate can be assigned to the wrong space when renovations are absent from 
the indoor map (Coley, 2018). Timestamp misalignment creates additional error when wireless 
measurements, inertial observations, hazard reports, and route updates represent different moments. 
Researchers have evaluated data quality through missing-value percentage, label-error frequency, 
duplicate-record rate, map age, unmatched-identifier frequency, invalid-link count, and 
synchronization delay. Infrastructure disruption intensifies these weaknesses. Power loss can disable 
access points, beacons, anchors, elevators, servers, and indoor displays. Network interruption can 
delay location transmission and prevent route updates, while damaged sensors can remove essential 
evidence from a fusion model. Blocked corridors, inaccessible entrances, disabled elevators, and failed 
stairway connections can invalidate previously calculated paths. Studies have measured disruption 
through positioning-error increase, service-unavailability duration, dropped-update percentage, 
failed-route frequency, recovery time, and fallback-method success (Chen & Englund, 2018). Hybrid 
localization generally maintained stronger continuity when one sensing source became unavailable, 
although performance declined when several correlated sources failed together. Routing resilience 
depended on timely graph updates and the availability of alternative paths. Integrated reliability 
therefore required data-quality assessment and disruption testing to be conducted together because 
missing, outdated, or unsynchronized information can produce effects similar to physical 
infrastructure failure (Subudhi et al., 2019). 
Privacy, security, and governance determine whether high-precision emergency location information 
can be collected, exchanged, and retained without unacceptable exposure or loss of integrity. Indoor 
location records can reveal a person’s building, floor, room, movement pattern, workplace, medical 
location, or presence within a restricted area. Security studies have examined unauthorized tracking, 
identity linkage, false beacon transmission, signal spoofing, replay attacks, manipulated fingerprints, 
compromised access points, altered maps, and falsified routing information. These threats can reduce 
confidentiality while also affecting emergency accuracy. A modified floor record or counterfeit location 
message may direct responders to the wrong room, entrance, or route (Sneps-Sneppe & Namiot, 2017). 
Quantitative assessments have measured unauthorized-access attempts, successful intrusion 
percentage, false-data acceptance, anomaly-detection accuracy, integrity violations, authentication 
time, encryption overhead, and message-processing delay. Strong access controls limit location 
information according to user role, operational need, incident status, and agency responsibility. 
Authentication and encryption protect data exchange, although additional processing can increase 
latency when systems or networks have limited capacity. Privacy-preserving approaches such as 
federated learning, local feature processing, pseudonymous identifiers, data minimization, and 
restricted retention reduce the movement or storage of identifiable location records. Their performance 
has been evaluated through model accuracy, communication overhead, privacy loss, processing time, 
and the quantity of data transferred (Gupta et al., 2023). Governance studies have also emphasized data 
ownership, update responsibility, auditability, retention schedules, access logging, incident response, 
and cross-agency agreements. Inconsistent governance can leave indoor maps outdated, identifiers 
unresolved, or access permissions unclear even when technical systems function correctly. Record 
integrity depends on controlled editing, version management, validation, and traceable changes across 
geographic databases, building models, routing graphs, and dispatch platforms. Privacy, security, and 
governance performance is therefore measured through data exposure, access-control effectiveness, 
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record accuracy, integrity preservation, authentication efficiency, audit completeness, and compliance 
with established emergency-data requirements (Hancock et al., 2020). 
International and Cross-Environment Quantitative Comparisons 
More than thirty empirical, simulation, and applied studies have shown that building complexity 
influences indoor localization, semantic interpretation, graph construction, and emergency-routing 
performance. High-rise buildings introduce repeated horizontal layouts, closely spaced floors, long 
vertical travel distances, and dependence on stairs or elevators. Hospitals contain interconnected 
wings, restricted departments, specialized treatment rooms, controlled doors, and several entrances 
with different operational functions. Airports and transportation terminals combine large open areas 
with gates, platforms, security zones, service corridors, and underground connections (Mullis et al., 
2018). Industrial facilities include machinery, hazardous spaces, irregular routes, and access limitations, 
while university campuses require accurate movement between multiple buildings and internal floors. 
Researchers have measured complexity through floor count, room density, corridor intersections, 
doorway count, network size, graph density, vertical-transition frequency, average node degree, and 
the number of alternative routes. Positioning error generally increased when buildings contained 
repeated room patterns, overlapping floor geometry, large open spaces, or weakly differentiated signal 
environments. Floor-classification models experienced greater difficulty when many levels shared 
similar access-point arrangements and structural layouts. Semantic models required more processing 
and verification as the number of rooms, doors, stairs, elevators, and restricted zones increased. 
Routing algorithms explored more nodes and consumed greater memory when applied to large grid 
networks or highly connected indoor graphs (Díaz-Vilariño et al., 2019). Vertical transitions created 
additional costs because an incorrect stairway or elevator association could invalidate the complete 
route. Building size alone did not fully explain performance; two facilities with similar floor areas could 
differ substantially in corridor complexity, network redundancy, entrance distribution, and semantic 
detail. Studies of complex facilities therefore combined physical dimensions with graph-based 
indicators to explain variations in accuracy and computation. Floor count, room density, network size, 
vertical connections, entrance count, and spatial repetition collectively represented the building-
complexity conditions affecting integrated emergency location intelligence. 
Construction materials and equipment configurations produce substantial variation in wireless-signal 
behavior and cross-device localization accuracy (Diakité & Zlatanova, 2018). Experiments involving 
Wi-Fi, Bluetooth, ultra-wideband, cellular, and radio-frequency identification have demonstrated that 
concrete, reinforced concrete, steel, glass, drywall, wood, machinery, and internal partitions attenuate 
or reflect signals at different levels. Concrete and metal structures commonly produced greater signal 
loss and multipath distortion than lightweight partitions or wooden materials. Energy-efficient glass 
and metallic coatings also reduced transmission, while long corridors created reflected signal paths 
that complicated distance estimation. Human density altered received-signal strength by blocking or 
absorbing radio energy, particularly in crowded hospitals, airports, shopping centers, and 
transportation stations. Moving equipment, electrical systems, industrial machinery, smoke, heat, and 
electromagnetic interference further changed the relationship between measured signals and stored 
fingerprints (Vanclooster et al., 2016). Coverage loss was quantified through unavailable-access-point 
frequency, reduced signal strength, increased ranging error, failed-position percentage, and changes in 
percentile error. Device heterogeneity added another source of variation because smartphone models, 
chipsets, antennas, operating systems, sensor qualities, and scanning policies recorded different values 
at the same location. A fingerprint collected with one device could therefore produce larger errors when 
applied to another device. Barometers, magnetometers, cameras, inertial sensors, and wireless receivers 
also differed in bias, resolution, sampling frequency, and calibration stability. Cross-device studies 
measured accuracy loss, signal offset, calibration time, missing-sensor percentage, and performance 
before and after normalization. Device-specific calibration, feature standardization, collaborative 
learning, and domain adaptation reduced some differences, although results depended on the number 
and diversity of devices included during training (Peavy et al., 2023). Anchor and beacon arrangement 
also affected coverage because poorly positioned infrastructure created weak geometric conditions and 
uncovered areas. Material attenuation, environmental interference, device variation, sensor 
availability, and infrastructure geometry therefore operated together as contextual determinants of 
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system performance. 
 

Figure 10: Global Indoor Emergency Performance 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Data quality affects every stage of an integrated emergency-location system, from signal processing to 
semantic matching and route generation. Indoor-positioning studies have examined missing signal 
observations, mislabeled fingerprints, duplicated samples, outdated radio maps, inconsistent 
timestamps, and incorrect reference coordinates. Geospatial and building-model research has 
identified incomplete room attributes, outdated floor plans, missing doors, incorrect floor labels, 
duplicated identifiers, invalid topology, and coordinate-reference inconsistencies (Pang et al., 2018). A 
positioning model trained with mislabeled reference points can learn incorrect spatial relationships, 
while an outdated fingerprint database may no longer represent relocated access points or modified 
interiors. Similarly, a correct coordinate can be assigned to the wrong space when renovations are 
absent from the indoor map. Timestamp misalignment creates additional error when wireless 
measurements, inertial observations, hazard reports, and route updates represent different moments. 
Researchers have evaluated data quality through missing-value percentage, label-error frequency, 
duplicate-record rate, map age, unmatched-identifier frequency, invalid-link count, and 
synchronization delay. Infrastructure disruption intensifies these weaknesses. Power loss can disable 
access points, beacons, anchors, elevators, servers, and indoor displays. Network interruption can 
delay location transmission and prevent route updates, while damaged sensors can remove essential 
evidence from a fusion model (Wei & Akinci, 2019). Blocked corridors, inaccessible entrances, disabled 
elevators, and failed stairway connections can invalidate previously calculated paths. Studies have 
measured disruption through positioning-error increase, service-unavailability duration, dropped-
update percentage, failed-route frequency, recovery time, and fallback-method success. Hybrid 
localization generally maintained stronger continuity when one sensing source became unavailable, 
although performance declined when several correlated sources failed together. Routing resilience 
depended on timely graph updates and the availability of alternative paths. Integrated reliability 
therefore required data-quality assessment and disruption testing to be conducted together because 
missing, outdated, or unsynchronized information can produce effects similar to physical 
infrastructure failure (Tang et al., 2018). 
Privacy, security, and governance determine whether high-precision emergency location information 
can be collected, exchanged, and retained without unacceptable exposure or loss of integrity. Indoor 
location records can reveal a person’s building, floor, room, movement pattern, workplace, medical 
location, or presence within a restricted area. Security studies have examined unauthorized tracking, 
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identity linkage, false beacon transmission, signal spoofing, replay attacks, manipulated fingerprints, 
compromised access points, altered maps, and falsified routing information. These threats can reduce 
confidentiality while also affecting emergency accuracy. A modified floor record or counterfeit location 
message may direct responders to the wrong room, entrance, or route (Sun et al., 2021). Quantitative 
assessments have measured unauthorized-access attempts, successful intrusion percentage, false-data 
acceptance, anomaly-detection accuracy, integrity violations, authentication time, encryption 
overhead, and message-processing delay. Strong access controls limit location information according 
to user role, operational need, incident status, and agency responsibility. Authentication and 
encryption protect data exchange, although additional processing can increase latency when systems 
or networks have limited capacity. Privacy-preserving approaches such as federated learning, local 
feature processing, pseudonymous identifiers, data minimization, and restricted retention reduce the 
movement or storage of identifiable location records. Their performance has been evaluated through 
model accuracy, communication overhead, privacy loss, processing time, and the quantity of data 
transferred (Choi et al., 2015). Governance studies have also emphasized data ownership, update 
responsibility, auditability, retention schedules, access logging, incident response, and cross-agency 
agreements. Inconsistent governance can leave indoor maps outdated, identifiers unresolved, or access 
permissions unclear even when technical systems function correctly. Record integrity depends on 
controlled editing, version management, validation, and traceable changes across geographic 
databases, building models, routing graphs, and dispatch platforms. Privacy, security, and governance 
performance is therefore measured through data exposure, access-control effectiveness, record 
accuracy, integrity preservation, authentication efficiency, audit completeness, and compliance with 
established emergency-data requirements (Bibbò et al., 2022). 
METHOD 
This study employed a multisite, repeated-measures quantitative experimental design with quasi-
experimental site selection to evaluate the integration of artificial intelligence, semantic indoor 
geospatial modeling, and network-based routing for high-precision NG911 emergency location 
intelligence. Buildings were selected purposively because random assignment of complete facilities 
was not operationally feasible, while emergency-location trials and system configurations were 
randomized within each participating building. Three configurations were compared: a conventional 
coordinate-only localization condition, an artificial-intelligence localization condition combined with 
semantic indoor-space matching, and a fully integrated condition combining artificial-intelligence 
localization, semantic indoor modeling, NG911-compatible geographic information, and network-
based routing. The same reference locations were tested under each configuration, which permitted 
within-location comparisons and reduced variation caused by differences in building layout or signal 
environment. The conceptual framework combined information-processing theory, probabilistic data-
fusion principles, semantic spatial modeling, and graph theory. Information-processing theory 
explained the conversion of raw sensor observations into actionable emergency information. Data-
fusion principles guided the integration of wireless, inertial, magnetic, barometric, and visual 
observations. Semantic spatial modeling supported the assignment of estimated coordinates to 
buildings, floors, rooms, corridors, entrances, and other indoor features. Graph theory supported the 
representation of navigable spaces as nodes and edges and the calculation of emergency-response 
routes. The principal explanatory variables were artificial-intelligence localization capability, semantic 
indoor-model quality, routing capability, and overall integration level. The principal outcomes were 
horizontal error, vertical error, correct-floor classification, correct-room identification, semantic-match 
accuracy, route-generation success, processing latency, and end-to-end emergency-location 
completeness. 
The study was conducted in 18 multistory buildings representing six indoor-environment categories: 
high-rise residential buildings, hospitals, educational facilities, transportation complexes, commercial 
buildings, and industrial facilities. Three buildings were selected from each category to ensure variation 
in floor count, construction materials, room density, corridor complexity, entrance configuration, 
wireless coverage, and vertical circulation. The buildings ranged from medium-sized facilities with 
relatively simple layouts to large structures containing repeated floors, restricted areas, multiple 
entrances, elevators, stairways, and extensive navigation networks. The primary unit of analysis was 
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an emergency-location trial conducted at a verified indoor reference point. A total of 540 reference 
points were established, with 30 points selected from each building. Each point was tested with four 
device classes during two data-collection periods and under three system configurations, producing 
12,960 primary trial observations. An additional 180 reference points were selected for controlled stress 
testing involving signal loss, unavailable sensors, blocked routing edges, disabled elevators, and 
outdated location records. No real emergency calls were placed, and no personally identifiable caller 
information was collected. Trained research operators carried the test devices and followed 
standardized movement and positioning instructions; these operators functioned as data-collection 
personnel rather than research participants. The buildings, digital models, positioning devices, wireless 
infrastructure, reference points, semantic features, navigation graphs, and system-generated location 
records constituted the materials and subjects of the quantitative investigation. 
 

Figure 11: Methodology of this study 
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A multistage stratified sampling strategy was used. During the first stage, buildings were stratified by 
functional category and selected according to structural complexity, digital-map availability, 
operational access, wireless infrastructure, and geographic diversity. During the second stage, floors 
were stratified into lower, middle, and upper levels wherever the building height permitted that 
classification. During the third stage, reference points were distributed across rooms, corridors, 
stairway approaches, elevator lobbies, entrances, open spaces, restricted-access boundaries, and 
locations near shared walls or floor transitions. This process ensured that easy and ambiguous locations 
were represented. Reference points were selected through spatially balanced sampling so that 
observations were not concentrated around access points, beacons, entrances, or central corridors. An 
a priori power analysis was conducted through simulation of the proposed mixed-effects models. The 
analysis indicated that at least 450 reference points distributed across 15 or more buildings were 
required to detect a small standardized configuration effect of approximately 0.20 with 90% power at 
a two-tailed significance level of .05.  
The final sample of 540 reference points across 18 buildings exceeded that requirement and provided 
sufficient observations for building-level clustering, system comparisons, interaction testing, and 
holdout validation. Twelve buildings, including two from each category, formed the development 
sample. The remaining six buildings, including one from each category, formed an external holdout 
sample that remained unavailable during model training and parameter selection. Buildings were 
included when they contained at least three operational floors, possessed verified architectural 
drawings or building information models, supported safe research access, contained functioning Wi-Fi 
or other indoor wireless infrastructure, and provided sufficient information to identify rooms, 
corridors, doors, stairs, elevators, and exterior entrances. Facilities were also required to provide a 
stable civic address, building identifier, floor hierarchy, and permission for temporary sensor 
observation. Reference locations were included when their horizontal and vertical positions could be 
independently surveyed, their semantic space could be verified, and at least one valid route existed 
between the location and an authorized responder entrance. Buildings were excluded when major 
renovation was underway, structural documentation could not be validated, access restrictions 
prevented independent verification, or wireless testing could interfere with safety-critical operations. 
Reference points were excluded when their surveyed coordinates could not be reproduced, when the 
corresponding room or floor designation remained disputed, or when access conditions created 
unacceptable risk. Individual trial observations were excluded when the operator departed from the 
predefined location, the device clock differed from the synchronized reference by more than the 
permitted tolerance, a hardware malfunction prevented valid logging, or the ground-truth record was 
incomplete. Signal loss and sensor unavailability created intentionally during stress testing were 
retained because they represented experimental conditions rather than missing observations. 
Indoor signals were collected with eight smartphones representing four hardware classes and both 
major mobile operating-system environments. The devices recorded Wi-Fi observations, Bluetooth 
Low Energy signals, accelerometer readings, gyroscope measurements, magnetometer values, 
barometric pressure, and available visual or inertial information. Portable ultra-wideband tags and 
calibrated anchors were installed in authorized test areas to provide an additional ranging source. 
Survey-grade control points, a total station, laser-distance instruments, and verified floor elevations 
provided horizontal and vertical ground truth. Device clocks, anchor clocks, data-collection computers, 
and database services were synchronized to a common time source before each collection session. Wi-
Fi and Bluetooth devices were co-located at known points to estimate cross-device signal offsets. 
Barometers were calibrated against a stationary reference sensor, inertial sensors were checked through 
standardized stationary and walking trials, and ultra-wideband anchor coordinates were verified 
against the surveyed control network. Building information models, Industry Foundation Classes files, 
computer-aided-design floor plans, geographic information layers, and facility records were 
transformed into a common spatial reference. IndoorGML-compatible cells and boundaries were 
created for rooms, corridors, doors, stairs, elevators, and entrances. Navigation graphs were generated 
and stored in a PostgreSQL and PostGIS database. Python, PyTorch, scikit-learn, QGIS, and NetworkX 
supported preprocessing, artificial-intelligence modeling, semantic matching, and route calculation. 
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Two independent geospatial specialists validated room boundaries, floor labels, doorway associations, 
identifiers, and network connectivity. Agreement was evaluated with Cohen’s kappa for categorical 
attributes and the intraclass correlation coefficient for continuous measurements. Values of .80 or 
higher were required before the verified dataset was released for experimental testing. 
Candidate localization models included k-nearest neighbors, support-vector machines, random forests, 
gradient-boosting models, multilayer neural networks, and multimodal ensemble models. Model 
development used only observations from the 12 development buildings. Hyperparameters were 
selected through grouped cross-validation in which observations from the same reference point and 
floor remained within the same fold. The external six-building sample was not used during training, 
feature selection, normalization, or threshold determination. Artificial-intelligence outputs included 
estimated horizontal coordinates, estimated elevation, floor probabilities, room probabilities, and 
confidence scores. Semantic matching assigned each estimate to a building, floor, cell, room, doorway, 
or corridor through coordinate containment, probability-weighted candidate evaluation, vertical 
constraints, and map-based movement restrictions. Routing graphs represented rooms, corridors, 
doors, stairways, elevators, and entrances as connected spatial elements. Dijkstra and A* routing were 
implemented under consistent edge conditions, while edge weights reflected distance, expected travel 
time, vertical movement, accessibility, doorway restrictions, and simulated hazards. The conventional 
condition generated a coordinate without detailed semantic interpretation or indoor routing. The 
partial-integration condition linked the artificial-intelligence estimate to a semantic indoor space. The 
fully integrated condition additionally linked the semantic space to a valid graph node and calculated 
an authorized route from a responder entrance. This staged configuration supported estimation of the 
incremental contribution of semantic matching and routing. 
Data collection followed a standardized chronological protocol. Site authorization and technical 
approvals were obtained first, after which building records were inspected and converted into a 
common geographic framework. Surveyors then established horizontal and vertical control and 
recorded the verified coordinates, floor designations, room identifiers, and entrance relationships for 
every reference point. Wireless infrastructure, portable anchors, mobile devices, and reference sensors 
were calibrated before experimental observations began. Fingerprint and sensor-training data were 
collected from the development buildings at multiple orientations and during lower- and higher-
occupancy periods. Reference points were visited in randomized order to reduce systematic effects 
associated with time, battery level, operator fatigue, or environmental change. At each point, the 
operator remained stationary for the initial acquisition period and subsequently completed a 
standardized short movement sequence so that stationary and trajectory-based performance could be 
assessed. Every device recorded the same categories of available signals and transmitted timestamped 
observations to the local experimental server. The three system configurations were processed in 
randomized order from identical source observations. For routing evaluation, the validated incident 
space was connected to two authorized responder access points whenever two entrances were 
available. Generated paths were checked against the verified indoor network, and route length, 
estimated travel time, calculation latency, accessibility, and successful completion were recorded. 
Stress testing was then performed by removing selected wireless sources, masking individual sensors, 
disabling specified graph edges, marking an elevator unavailable, or introducing controlled map and 
timestamp errors. All manipulations were implemented digitally or through safe device configuration; 
no physical emergency infrastructure was disabled. The database was de-identified, checked for 
completeness, and locked before inferential analysis began. 
Artificial-intelligence localization capability was measured through horizontal error, vertical error, 
median positional error, 90th- and 95th-percentile error, correct-building percentage, correct-floor 
percentage, correct-room percentage, inference latency, confidence calibration, and continuity under 
signal loss. Semantic indoor-model quality was measured through boundary accuracy, doorway 
accuracy, attribute completeness, floor-label correctness, identifier consistency, topological validity, 
and correct cell assignment. Network-routing capability was measured through valid-node association, 
entrance-selection accuracy, route-generation success, path length, expected travel time, computation 
latency, accessibility compliance, successful diversion, and availability of alternative paths. NG911 
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interoperability was represented by schema conformance, required-field completeness, identifier-
matching percentage, successful data exchange, and processing delay. The principal dependent 
construct, high-precision emergency location intelligence, was measured through correct spatial 
identification, operational record completeness, semantic interpretation accuracy, valid route 
availability, total processing time, confidence reliability, and successful display of the complete 
emergency-location record. Building category, floor count, room density, graph size, vertical-transition 
count, wall material, observed signal strength, device class, occupancy period, model age, data 
completeness, and disruption status were recorded as control or moderating variables. Total latency 
was measured from the first sensor observation to the display of the final semantic location and route. 
Route success required a continuous path from an authorized entrance to the correctly identified 
incident space without crossing an invalid, blocked, or restricted edge. 
All observations were assigned nonidentifying building, floor, reference-point, device, and trial codes. 
Automated validation rules checked coordinate ranges, timestamps, floor codes, device identifiers, 
duplicate records, required attributes, and route continuity at the time of ingestion. Raw observations 
were retained separately from processed features so that every result could be traced to its original 
measurement. Duplicate records caused by transmission retries were identified through device, 
timestamp, and trial identifiers and were removed after verification. Missing sensor observations were 
retained when they represented genuine signal unavailability because signal loss was a performance 
outcome. Missing control variables were examined according to their frequency and pattern. Multiple 
imputation was used for incomplete covariates when the missingness pattern supported that 
procedure, while dependent outcomes were not imputed. Extreme values were checked against raw 
device logs, ground-truth coordinates, and system timestamps before they were classified as valid or 
erroneous. Map versions, model versions, training data, software configurations, and routing graphs 
were recorded for every trial. Ten percent of the reference points were independently resurveyed, and 
ten percent of the semantic and network records were rechecked by both geospatial specialists. No 
inferential results were examined until calibration, validation, exclusion, and database-lock procedures 
had been completed. 
Statistical analyses were conducted in R and SPSS, while Python was used for signal preprocessing, 
artificial-intelligence training, semantic matching, and routing computation. Continuous variables 
were summarized with means, standard deviations, medians, interquartile ranges, minima, maxima, 
and 90th- and 95th-percentile values. Categorical outcomes were summarized with counts, 
percentages, and 95% confidence intervals. Model calibration was assessed through calibration plots, 
the Brier score, expected calibration error, and agreement between reported confidence and observed 
correctness. Repeated-measurement reliability was evaluated through intraclass correlation 
coefficients, while categorical map and route validation was evaluated through Cohen’s kappa. 
Residual distributions, variance patterns, influential observations, and model convergence were 
examined before final interpretation. 
Mixed-effects regression models were used because trials were nested within devices, reference points, 
floors, and buildings. Horizontal error, vertical error, route length, and latency were analyzed with 
linear mixed-effects models when residual assumptions were satisfied. Gamma mixed-effects models 
or quantile mixed models were used when continuous outcomes remained positively skewed after 
transformation. Correct-building, correct-floor, correct-room, semantic-match, valid-route, and 
complete-record outcomes were analyzed through mixed-effects logistic regression. Counts of failed 
updates, invalid links, and routing interruptions were analyzed with Poisson or negative-binomial 
mixed models according to dispersion. System configuration, building category, complexity, device 
class, occupancy period, signal condition, data quality, and disruption status were entered as fixed 
effects. Building, floor, reference point, and device were treated as random effects, and random slopes 
for system configuration were retained when supported by model fit. Interaction terms tested whether 
integration effects varied according to building complexity, construction material, device class, signal 
quality, data completeness, or disruption status. 
Repeated-measures comparisons among the three system configurations were estimated through 
adjusted marginal means. Pairwise comparisons were corrected with the Holm procedure. Effect 
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magnitude was reported through adjusted mean differences, standardized mean differences, odds 
ratios, marginal and conditional coefficients of determination, and 95% confidence intervals. Statistical 
significance was evaluated using two-tailed tests at p < .05, although interpretation emphasized effect 
size and estimate precision. The incremental contribution of semantic matching was assessed by 
comparing the artificial-intelligence condition with the partial-integration condition, while the 
contribution of routing was assessed by comparing partial integration with full integration. A 
multilevel sequential mediation model tested whether artificial-intelligence localization capability 
influenced emergency-location intelligence through semantic matching accuracy and route validity. 
Indirect effects were evaluated with 5,000 bootstrap resamples. 
FINDINGS 
Final Sample Characteristics, Trial Distribution, and Data Quality 
The final analytical dataset included all 18 selected multistory buildings and 540 verified reference 
points. The buildings represented high-rise residential, hospital, educational, transportation, 
commercial, and industrial environments, with three facilities included in each category. Collectively, 
the facilities contained 150 operational floors and 512,100 square meters of evaluated floor area. The 
verified reference locations included 180 rooms, 120 corridors, 48 stairway approaches, 48 elevator 
lobbies, 42 entrances, 42 open spaces, 30 restricted-access boundaries, and 30 ambiguous locations near 
shared walls or vertical transitions. Of the 12,960 planned primary trials, 12,614 were retained for 
analysis, producing an overall retention rate of 97.3%. The final indoor navigation models contained 
18,642 nodes and 28,495 edges. 
 

Table 1 Final Building Sample and Primary Trial Distribution 
 

Building 
category 

Building
s 

Floor
s 

Floor 
area 
(m²) 

Referenc
e points 

Planne
d trials 

Retaine
d trials 

Retentio
n (%) 

Grap
h 
node
s 

Grap
h 
edges 

High-rise 
residential 

3 39 68,400 90 2,160 2,123 98.3 2,610 3,914 

Hospitals 3 30 104,70
0 

90 2,160 2,094 96.9 3,842 5,936 

Educational 
facilities 

3 21 72,300 90 2,160 2,121 98.2 2,524 3,811 

Transportati
on complexes 

3 15 96,600 90 2,160 2,078 96.2 3,276 5,105 

Commercial 
buildings 

3 27 91,500 90 2,160 2,110 97.7 3,489 5,292 

Industrial 
facilities 

3 18 78,600 90 2,160 2,088 96.7 2,901 4,437 

Total 18 150 512,10
0 

540 12,960 12,614 97.3 18,64
2 

28,49
5 

 
Table 1 showed that all 18 participating buildings and 540 reference points contributed usable 
observations to the final dataset. Trial retention exceeded 96 percent in every building category, 
indicating balanced data preservation across heterogeneous environments. Residential and educational 
facilities recorded the highest retention, whereas transportation complexes recorded the lowest, largely 
because of intermittent signal acquisition and timestamp mismatches. Hospitals and commercial 
buildings contained the largest navigation graphs, reflecting greater room density, doorway frequency, 
and vertical connectivity. The retained sample therefore provided variation in spatial complexity while 
maintaining comparable observation volumes across the six building categories and three experimental 
configurations tested. Data screening excluded 346 primary observations. Hardware malfunction 
represented the largest exclusion source, followed by operator deviation, failed transmission, 
timestamp inconsistency, and incomplete ground-truth information. Stress testing generated 2,160 
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planned observations from 180 reference points, of which 2,089 were retained. Required-field 
completeness reached 98.6%, semantic-attribute completeness reached 97.8%, and building or spatial 
identifier matching reached 99.6%. Valid indoor topology was confirmed for 98.2% of records, while 
continuous route-network connectivity was retained in 97.6%. Agreement between the two geospatial 
specialists was excellent for categorical classifications, and the resurveyed reference points 
demonstrated high continuous-measurement reliability. 
 

Table 2 Trial Exclusions, Data Quality, and Measurement Reliability 
 

Data-quality indicator Numerical result Percentage or 95% CI 

Planned primary trials 12,960 100.0% 
Retained primary trials 12,614 97.3% 
Excluded primary trials 346 2.7% 
Operator deviation 78 0.6% 
Hardware malfunction 91 0.7% 
Timestamp inconsistency 64 0.5% 
Incomplete ground truth 42 0.3% 
Failed data transmission 71 0.5% 
Planned stress-test trials 2,160 100.0% 
Retained stress-test trials 2,089 96.7% 
Successful signal acquisition 12,558 96.9% 
Complete required fields 12,437 98.6% 
Complete semantic attributes 12,336 97.8% 
Successful identifier matching 12,564 99.6% 
Valid indoor topology 12,387 98.2% 
Continuous route network 12,311 97.6% 
Duplicate records detected and removed 93 0.7% 
Cohen’s kappa for categorical validation .92 [.90, .94] 
Intraclass correlation coefficient .97 [.96, .98] 

 
Table 2 demonstrated strong data completeness, measurement consistency, and geospatial reliability. 
Of the 12,960 planned primary trials, 12,614 were retained, representing a 97.3 percent retention rate. 
Hardware malfunction accounted for the largest exclusion category, although its frequency remained 
below one percent of planned observations. Required-field completeness exceeded 98 percent, and 
more than 97 percent of records maintained complete semantic attributes and continuous routing 
networks. Building and spatial identifiers matched successfully in nearly all retained records. Cohen’s 
kappa indicated excellent categorical agreement, while the intraclass correlation coefficient confirmed 
highly consistent continuous measurements across independently resurveyed reference points and 
repeated validation procedures. 
Primary Effects of Integrated System Configuration on Emergency Location Intelligence 
Primary outcomes improved progressively across the three system configurations. The conventional 
coordinate-only condition retained 4,193 trials, the artificial-intelligence and semantic-matching 
condition retained 4,205 trials, and the fully integrated condition retained 4,216 trials. Mean horizontal 
error decreased from 7.84 meters under coordinate-only localization to 3.42 meters under partial 
integration and 2.36 meters under full integration. Mean vertical error declined from 4.18 to 1.86 and 
1.12 meters, respectively. Correct-floor identification increased from 72.6% to 90.8% and 96.4%, while 
correct-room identification increased from 51.8% to 81.6% and 91.7%. The fully integrated system 
achieved 96.8% valid-route generation, 95.5% correct entrance selection, and 96.2% successful route 
completion. 
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Table 3 Unadjusted Emergency Location Outcomes Across System Configurations 
 

Outcome Coordinate-only 
condition (n = 4,193) 

AI and semantic 
matching (n = 4,205) 

Fully integrated 
condition (n = 4,216) 

Horizontal error, mean 
(SD), m 

7.84 (4.62) 3.42 (2.18) 2.36 (1.54) 

Horizontal error, median 
(IQR), m 

6.72 (4.20–10.08) 2.89 (1.82–4.38) 1.98 (1.21–3.04) 

Horizontal error, 90th 
percentile, m 

14.36 6.32 4.42 

Horizontal error, 95th 
percentile, m 

17.92 7.94 5.63 

Vertical error, mean 
(SD), m 

4.18 (2.71) 1.86 (1.29) 1.12 (0.84) 

Correct-building 
identification, % 

97.9 99.2 99.7 

Correct-floor 
identification, % 

72.6 90.8 96.4 

Correct-room 
identification, % 

51.8 81.6 91.7 

Correct-cell assignment, 
% 

— 84.9 94.2 

Semantic interpretation 
accuracy, % 

— 87.2 95.1 

Boundary-related 
assignment error, % 

— 9.8 4.1 

Correct-node 
association, % 

— — 96.1 

Correct responder-
entrance selection, % 

— — 95.5 

Valid-route generation, 
% 

— — 96.8 

Accessibility 
compliance, % 

— — 95.9 

Successful route 
completion, % 

— — 96.2 

Route computation 
latency, mean (SD), s 

— — 0.148 (0.061) 

Estimated route length, 
mean (SD), m 

— — 74.8 (32.6) 

Estimated travel time, 
mean (SD), s 

— — 69.4 (28.8) 

Total processing time, 
mean (SD), s 

1.28 (0.43) 1.71 (0.54) 1.92 (0.59) 

Brier confidence score .184 .092 .058 
Operational record 
completeness, % 

63.4 86.9 94.8 

Complete location-and-
route display, % 

— — 94.8 

Note. Lower error, latency, and Brier scores represented better performance. Dashes indicated that the 
outcome was unavailable because the corresponding configuration did not perform semantic matching 
or network routing. 
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Table 3 showed a progressive improvement as additional integration components were introduced. 
Mean horizontal error declined from 7.84 meters under coordinate-only localization to 3.42 meters with 
artificial intelligence and semantic matching, and to 2.36 meters under full integration. Vertical error 
followed the same pattern. Correct-floor identification increased from 72.6% to 96.4%, while correct-
room identification increased from 51.8% to 91.7%. The fully integrated condition achieved 96.8% valid 
routing and 96.2% successful route completion. Total processing time increased modestly to 1.92 
seconds, but confidence calibration, record completeness, and operational display success improved 
substantially across the three configurations within the evaluated emergency environments. Mixed-
effects analyses confirmed that the improvements remained significant after controlling for building 
category, floor count, room density, signal strength, device class, occupancy period, and data 
completeness. Compared with coordinate-only localization, full integration reduced adjusted 
horizontal error by 5.42 meters and vertical error by 3.04 meters. These reductions represented large 
standardized effects. The odds of correct-floor identification were 9.74 times greater, and the odds of 
correct-room identification were 10.31 times greater under full integration. Full integration also 
outperformed artificial intelligence with semantic matching, indicating that semantic-to-network 
association and routing constraints produced additional improvements. Total processing time 
increased by 0.61 seconds relative to the conventional condition, although complete end-to-end 
processing remained below two seconds. 
 
 

Table 4 Adjusted Mixed-Effects Estimates for Primary System-Configuration Comparisons 
 

Outcome and comparison Adjusted effect 95% CI Effect 
magnitude 

Relative 
change 

p 

Horizontal error: AI-semantic vs. 
coordinate-only 

−4.31 m [−4.48, 
−4.14] 

d = −1.18 55.0% lower < 
.001 

Horizontal error: full integration vs. 
coordinate-only 

−5.42 m [−5.58, 
−5.26] 

d = −1.52 69.1% lower < 
.001 

Horizontal error: full vs. AI-semantic −1.11 m [−1.23, 
−0.99] 

d = −0.59 32.5% lower < 
.001 

Vertical error: AI-semantic vs. 
coordinate-only 

−2.27 m [−2.38, 
−2.16] 

d = −0.96 54.3% lower < 
.001 

Vertical error: full integration vs. 
coordinate-only 

−3.04 m [−3.15, 
−2.93] 

d = −1.32 73.2% lower < 
.001 

Vertical error: full vs. AI-semantic −0.77 m [−0.85, 
−0.69] 

d = −0.50 41.4% lower < 
.001 

Correct-floor identification: full vs. 
coordinate-only 

+23.6 percentage 
points 

[22.3, 
24.9] 

OR = 9.74 32.5% 
higher 

< 
.001 

Correct-floor identification: full vs. 
AI-semantic 

+5.4 percentage 
points 

[4.5, 6.3] OR = 2.67 5.9% higher < 
.001 

Correct-room identification: full vs. 
coordinate-only 

+39.6 percentage 
points 

[38.1, 
41.1] 

OR = 10.31 76.4% 
higher 

< 
.001 

Correct-room identification: full vs. 
AI-semantic 

+10.1 percentage 
points 

[9.0, 11.2] OR = 2.54 12.4% 
higher 

< 
.001 

Correct-cell assignment: full vs. AI-
semantic 

+9.1 percentage 
points 

[8.0, 10.2] OR = 2.89 10.7% 
higher 

< 
.001 

Operational completeness: full vs. 
coordinate-only 

+31.1 percentage 
points 

[29.6, 
32.6] 

OR = 10.42 49.1% 
higher 

< 
.001 

Operational completeness: full vs. AI-
semantic 

+7.7 percentage 
points 

[6.6, 8.8] OR = 2.73 8.9% higher < 
.001 

Total processing time: full vs. 
coordinate-only 

+0.61 s [0.57, 
0.65] 

d = 0.44 47.7% 
higher 

< 
.001 

Total processing time: full vs. AI-
semantic 

+0.19 s [0.16, 
0.22] 

d = 0.18 11.1% 
higher 

< 
.001 
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Table 4 confirmed that the observed configuration differences remained statistically significant after 
adjustment for building, floor, reference point, device, occupancy, signal quality, and data 
completeness. Full integration reduced adjusted horizontal error by 5.42 meters and vertical error by 
3.04 meters relative to coordinate-only localization. The odds of correct-floor and correct-room 
identification were approximately ten times greater under full integration. Semantic modeling 
contributed improvements beyond artificial-intelligence localization, while routing added further 
gains in room assignment and operational completeness. Although integration increased processing 
time, the added latency remained below one second and was small relative to the improvements in 
accuracy and usability. 
Building, Device, Signal, Occupancy, and Stress-Test Subgroup Findings 
The fully integrated configuration maintained high location and routing performance across all six 
building categories, although statistically significant heterogeneity remained. Educational facilities 
recorded the lowest mean horizontal error at 2.09 meters and the highest correct-room percentage at 
93.7%. Transportation complexes recorded the highest horizontal error at 2.82 meters, the lowest room 
accuracy at 88.9%, and the longest total processing time at 2.14 seconds. After adjustment, every five-
floor increase was associated with a 0.17-meter increase in horizontal error, while each additional 1,000 
graph nodes increased processing time by 0.08 seconds. Reinforced-concrete and steel-dominant 
environments produced 0.48 meters greater horizontal error and 4.7 percentage points lower room 
accuracy than lightweight construction environments. Full integration nevertheless outperformed 
coordinate-only localization within every building category, with all adjusted contrasts reaching p < 
.001. Device, occupancy, and signal conditions also influenced performance. Budget Android devices 
recorded 2.71 meters of mean horizontal error compared with 2.14 meters for premium Android 
devices and 2.25 meters for iOS devices. Higher occupancy increased horizontal error from 2.18 to 2.54 
meters and reduced correct-room identification from 93.0% to 90.4%. Weak wireless coverage produced 
the largest subgroup deterioration, increasing horizontal error to 3.07 meters and reducing room 
accuracy to 85.9%. Significant configuration interactions were observed for building category, p = .004, 
device class, p = .021, occupancy period, p = .008, and signal quality, p < .001. The corresponding 
increases in marginal explained variance were .018, .009, .011, and .042, indicating that signal quality 
contributed the strongest moderation. Performance remained stable in the six holdout buildings, where 
horizontal error increased by only 0.23 meters relative to the development sample. 
 
Table 5 Performance of the Fully Integrated System Across Buildings, Devices, Occupancy, Signal, 

and Validation Subgroups 
 

Subgroup Trials, 
n 

Horizontal error, 
mean (SD), m 

Correct 
floor, % 

Correct 
room, % 

Valid 
route, 
% 

Total latency, 
mean (SD), s 

Building category       
High-rise 
residential 

711 2.18 (1.43) 97.1 93.2 97.4 1.84 (0.52) 

Hospitals 700 2.45 (1.61) 95.9 90.8 96.2 2.06 (0.63) 
Educational 
facilities 

710 2.09 (1.37) 97.4 93.7 97.6 1.78 (0.49) 

Transportation 
complexes 

693 2.82 (1.78) 94.8 88.9 94.9 2.14 (0.68) 

Commercial 
buildings 

706 2.31 (1.49) 96.5 92.1 96.7 1.91 (0.56) 

Industrial 
facilities 

696 2.39 (1.55) 96.0 91.3 95.9 1.82 (0.53) 

Device class       
Premium 
Android 

1,056 2.14 (1.40) 97.0 93.1 97.2 1.79 (0.49) 

Midrange 1,054 2.34 (1.52) 96.5 92.0 96.8 1.87 (0.54) 
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Android 
Budget Android 1,048 2.71 (1.73) 95.1 89.4 95.3 2.08 (0.66) 
iOS 1,058 2.25 (1.45) 97.0 92.4 97.0 1.93 (0.57) 
Occupancy period       
Lower occupancy 2,111 2.18 (1.42) 97.0 93.0 97.3 1.84 (0.53) 
Higher occupancy 2,105 2.54 (1.64) 95.8 90.4 96.0 2.00 (0.62) 
Signal quality       
Strong coverage 1,600 1.88 (1.21) 98.0 94.8 98.2 1.73 (0.46) 
Moderate 
coverage 

1,600 2.38 (1.48) 96.5 92.0 96.8 1.92 (0.55) 

Weak coverage 1,016 3.07 (1.92) 93.8 85.9 92.9 2.24 (0.71) 
Validation sample       
Development 
buildings 

2,815 2.28 (1.49) 96.7 92.2 97.3 1.90 (0.57) 

External holdout 
buildings 

1,401 2.51 (1.63) 95.8 90.5 95.6 1.97 (0.61) 

Note. Subgroup analyses were conducted separately; therefore, trial counts were not additive across the 
building, device, occupancy, signal, and validation classifications. 
 
Table 5 showed that full integration maintained performance across every building, device, occupancy, 
signal, and validation subgroup tested. Educational facilities achieved the lowest horizontal error and 
highest floor and room accuracy, whereas transportation complexes produced the weakest building-
level results. Budget Android devices recorded greater error and latency than premium devices. Higher 
occupancy increased horizontal error and reduced room accuracy, although route success remained 
above 95%. Weak signal conditions created the largest subgroup deterioration. Performance in the six 
external holdout buildings remained close to the development sample, demonstrating limited loss of 
accuracy when the system was applied to previously unseen environments. The 2,089 retained stress-
test trials demonstrated measurable but controlled performance degradation. The overall disruption 
effect was significant for horizontal error, room accuracy, route validity, total latency, and recovery 
duration, with all omnibus tests reaching p < .001. Timestamp misalignment produced the greatest 
localization deterioration, increasing horizontal error from 2.29 to 4.11 meters and reducing room 
accuracy from 92.2% to 79.5%. Controlled map errors produced the lowest valid-route percentage at 
87.6% and the longest mean recovery duration at 25.3 seconds. Graph-edge blockage and elevator 
unavailability affected routing more strongly than coordinate estimation. Access-point removal and 
sensor masking primarily influenced horizontal error and room identification. Even under disruption, 
fallback-location success remained between 78.4% and 97.2%, successful diversion remained above 
85%, and route recalculation remained below 0.40 seconds. 
Table 6 demonstrated that the integrated system remained operational under all controlled disruptions, 
although the magnitude of degradation varied by condition. Timestamp misalignment produced the 
greatest horizontal error and lowest room accuracy, while controlled map errors generated the lowest 
valid-route percentage and longest recovery duration. Access-point removal primarily affected 
localization accuracy, whereas graph-edge blockage and elevator unavailability affected routing 
outcomes more strongly. Fallback localization exceeded 78% in every disruption condition, and 
successful diversion remained above 85%. Route recalculation was completed in less than four-tenths 
of a second, indicating that alternative paths were generated rapidly after detected network or 
infrastructure changes. 
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Table 6 Integrated-System Performance Under Normal and Controlled Disruption Conditions 
 

Conditio
n 

Tria
ls, n 

Horizo
ntal 
error, 
mean 
(SD), m 

Corr
ect 
roo
m, % 

Val
id 
rou
te, 
% 

Total 
laten
cy, s 

Fallb
ack 
locati
on, % 

Route 
recalcula
tion, s 

Succes
sful 
diversi
on, % 

Alterna
tive 
route 
availabl
e, % 

Recov
ery 
durati
on, s 

Matched 
normal 
condition 

2,08
9 

2.29 
(1.48) 

92.2 97.1 1.90 — 0.15 — 97.6 — 

Access-
point 
removal 

352 3.68 
(2.16) 

82.7 94.8 2.41 86.9 0.22 92.7 94.5 16.8 

Sensor 
masking 

350 3.14 
(1.89) 

85.6 95.5 2.24 89.1 0.19 93.8 95.0 12.6 

Graph-
edge 
blockage 

347 2.42 
(1.57) 

91.4 92.2 2.10 97.0 0.31 91.6 93.1 7.8 

Elevator 
unavaila
ble 

346 2.39 
(1.55) 

91.8 90.5 2.16 97.2 0.34 89.7 90.8 9.4 

Timesta
mp 
misalign
ment 

345 4.11 
(2.47) 

79.5 90.8 2.73 78.4 0.27 88.9 92.6 21.7 

Controlle
d map 
errors 

349 3.26 
(2.03) 

83.4 87.6 2.49 81.2 0.36 85.3 88.1 25.3 

Note. Fallback location represented successful position estimation after the primary input became 
unavailable. Recovery duration represented the time required to restore a valid location-and-route 
record after disruption detection. 
Sequential Mediation, Calibration, Model Performance, and Effect Magnitudes 
The multilevel sequential mediation analysis showed that artificial-intelligence localization capability 
had a strong total association with high-precision emergency location intelligence, β = .67, 95% CI [.63, 
.71], p < .001. After semantic-space matching and route validity were introduced, the direct effect 
declined to β = .22, 95% CI [.18, .26], p < .001. The total indirect effect was β = .45, indicating that 67.2% 
of the overall relationship was transmitted through the mediating processes. The separate indirect 
effect through semantic matching was β = .22, while the indirect effect through route validity was β = 
.11. The sequential pathway from artificial-intelligence localization through semantic matching and 
route validity was β = .13. All bootstrap confidence intervals excluded zero, confirming significant 
partial sequential mediation. Model-fit statistics supported the proposed structure. The comparative fit 
index was .976, the Tucker–Lewis index was .968, the root-mean-square error of approximation was 
.034, and the standardized root-mean-square residual was .026 at the within-building level. Artificial-
intelligence localization explained 58% of the variation in semantic matching, the combined predictors 
explained 66% of route validity, and the complete model explained 74% of emergency location 
intelligence. Fixed effects accounted for 68% of outcome variation, while the complete fixed-and-
random structure accounted for 79%. Reference-point differences represented the largest clustering 
component, followed by building, floor, and device effects. 
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Table 7 Sequential Mediation, Model Fit, Variance Components, and Confidence Calibration 
 

Component or indicator Estimate SE 95% CI or secondary 
statistic 

p 

Sequential mediation effects     
Total effect of AI localization on location 
intelligence 

β = .67 .021 [.63, .71] < 
.001 

Direct effect after both mediators β = .22 .020 [.18, .26] < 
.001 

Indirect effect through semantic matching β = .22 .016 [.19, .25] < 
.001 

Indirect effect through route validity β = .11 .015 [.08, .14] < 
.001 

Sequential indirect effect through both 
mediators 

β = .13 .014 [.10, .15] < 
.001 

Total indirect effect β = .45 .020 [.41, .49] < 
.001 

Proportion of total effect mediated 67.2% — — — 
Model-fit and explained-variance statistics     
Chi-square 119.60 — df = 48 < 

.001 
Chi-square-to-degrees-of-freedom ratio 2.49 — — — 
Comparative fit index .976 — — — 
Tucker–Lewis index .968 — — — 
Root-mean-square error of approximation .034 — [.027, .041] — 
Within-building standardized residual .026 — — — 
Between-building standardized residual .041 — — — 
Variance explained in semantic matching R² = .58 — — < 

.001 
Variance explained in route validity R² = .66 — — < 

.001 
Variance explained in location intelligence R² = .74 — — < 

.001 
Marginal mixed-model variance explained R² = .68 — Fixed effects — 
Conditional mixed-model variance explained R² = .79 — Fixed and random effects — 
Random variance components     
Building-level variance .036 .006 16.7% of random 

variation 
< 
.001 

Floor-level variance .024 .004 11.1% of random 
variation 

< 
.001 

Reference-point variance .048 .005 22.2% of random 
variation 

< 
.001 

Device-level variance .015 .003 6.9% of random variation < 
.001 

Residual variance .093 .004 43.1% of random 
variation 

— 

Confidence calibration     
Coordinate-only condition Brier = 

.184 
— ECE = .112; slope = .71 — 

AI and semantic-matching condition Brier = 
.092 

— ECE = .054; slope = .89 — 

Fully integrated condition Brier = — ECE = .031; slope = .97 — 
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.058 

Note. Indirect-effect confidence intervals were based on 5,000 bootstrap resamples. ECE represented 
expected calibration error. Lower Brier and ECE values and a calibration slope closer to 1.00 
represented stronger confidence calibration. 
 
Table 7 showed that semantic matching and route validity jointly explained most of the relationship 
between artificial-intelligence localization and emergency location intelligence. The total standardized 
effect was .67, of which .45 was transmitted through the mediating pathways. The sequential pathway 
through semantic matching and route validity was significant, confirming that accurate coordinates 
became more operationally valuable when they were correctly interpreted and connected to valid 
routes. Model-fit indices indicated close correspondence between the proposed structure and observed 
data. Full integration produced the lowest Brier score and expected calibration error, while the model 
explained 74% of variation in the final outcome. Artificial-intelligence model comparisons 
demonstrated significant differences in localization and classification performance, with all omnibus 
tests reaching p < .001. The multimodal ensemble produced the lowest horizontal error at 2.36 meters, 
the highest correct-floor percentage at 96.4%, and the highest correct-room percentage at 91.7%. 
Relative to k-nearest neighbors, the ensemble reduced horizontal error by 44.6% and improved room 
identification by 17.5 percentage points. It also achieved the highest F1 score and receiver-operating-
characteristic area. Compared with the multilayer neural network, the ensemble reduced horizontal 
error by 0.28 meters and improved room accuracy by 3.2 percentage points. These improvements 
remained significant after Holm correction. Routing comparisons showed that Dijkstra and A* 
produced the same 96.8% route-success percentage, although A* reduced mean computation time from 
0.214 to 0.148 seconds and explored 52% fewer nodes. Hierarchical A* produced the shortest 
computation time at 0.096 seconds and the lowest memory use, but its mean path was 0.9 meters longer 
than the primary A* route. The visibility-graph method generated the shortest routes but produced a 
slightly lower route-success percentage. A* provided the strongest overall balance between successful 
routing, path efficiency, computation time, memory consumption, and recovery after disruption. 
 

Table 8 Artificial-Intelligence Localization and Network-Routing Model Performance 
 
Panel A. Artificial-intelligence localization models 
Model Horizontal 

error, m 
Floor 
accuracy, 
% 

Room 
accuracy, 
% 

Precision, 
% 

Recall, 
% 

F1, 
% 

ROC 
AUC 

Inference 
time, ms 

K-nearest 
neighbors 

4.26 86.1 74.2 74.8 74.2 74.5 .902 18 

Support-
vector 
machine 

3.88 88.4 77.6 78.2 77.6 77.9 .924 42 

Random 
forest 

3.21 91.2 82.9 83.4 82.9 83.1 .948 36 

Gradient 
boosting 

2.89 92.8 85.7 86.1 85.7 85.9 .961 51 

Multilayer 
neural 
network 

2.64 94.1 88.5 88.9 88.5 88.7 .972 64 

Multimodal 
ensemble 

2.36 96.4 91.7 92.0 91.7 91.8 .983 86 
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Panel B. Network-routing algorithms 
Routing 
algorithm 

Successful 
route, % 

Computation 
time, s 

Path 
length, 
m 

Explored 
nodes, n 

Memory 
use, MB 

Recovery after 
disruption, s 

Dijkstra 96.8 0.214 74.1 4,126 82.4 0.41 
A* 96.8 0.148 74.3 1,982 58.7 0.31 
Hierarchical 
A* 

97.0 0.096 75.2 842 41.3 0.24 

Visibility 
graph 

96.3 0.121 73.6 1,134 46.8 0.28 

Note. Artificial-intelligence results were obtained from the external holdout evaluation and pooled 
repeated trials. Horizontal error and processing measures were lower-is-better outcomes. The primary 
integrated configuration used A* routing. 
 
Table 8 demonstrated that the multimodal ensemble produced the strongest localization and 
classification performance among the six artificial-intelligence models. It reduced mean horizontal 
error by 44.6% relative to k-nearest neighbors and achieved the highest floor accuracy, room accuracy, 
F1 score, and receiver-operating-characteristic area. A* preserved the same route-success percentage as 
Dijkstra while reducing computation time and explored nodes. Hierarchical A* was fastest and 
required the least memory, although its paths were slightly longer. The primary A* configuration 
therefore provided the most balanced combination of route validity, path efficiency, processing speed, 
memory demand, and recovery performance under controlled network disruption conditions. 
Statistical Significance, Robustness, and Visual Presentation 
All primary configuration effects remained statistically significant after Holm correction, with adjusted 
p values below .001. The 95% confidence intervals excluded zero for continuous outcomes and 
excluded one for odds ratios. The standardized effect of full integration on horizontal error was large, 
d = −1.52, while the corresponding effect on vertical error was d = −1.32. The odds ratios for correct-
floor identification, correct-room identification, and operational record completeness were 9.74, 10.31, 
and 10.42, respectively. These estimates indicated that statistical significance was accompanied by 
operationally substantial changes in location accuracy and information usability. Sensitivity analyses 
produced consistent results. Removing extreme but valid observations reduced the adjusted 
horizontal-error difference from −5.42 to −5.18 meters, while the correct-room odds ratio changed from 
10.31 to 10.06. Alternative room-assignment thresholds, generalized outcome distributions, cluster-
robust standard errors, and multiple imputation produced estimates close to the primary results. 
Leave-one-category-out analyses generated adjusted horizontal-error reductions ranging from 5.18 to 
5.57 meters. Effects were smaller under controlled disruption, but full integration still reduced 
horizontal error by 3.61 meters and increased the odds of correct-room identification by 5.26 times. 
 

Table 9 Sensitivity and Robustness of the Primary Full-Integration Effects 
 

Analytical 
specification 

Horizontal 
error 
difference, m 
(95% CI) 

Vertical error 
difference, m 
(95% CI) 

Correct-
floor OR 
(95% CI) 

Correct-
room OR 
(95% CI) 

Operational-
completeness 
OR (95% CI) 

Holm-
adjusted 
p 

Primary 
mixed-effects 
model 

−5.42 [−5.58, 
−5.26] 

−3.04 [−3.15, 
−2.93] 

9.74 
[8.36, 
11.35] 

10.31 
[9.02, 
11.79] 

10.42 [9.08, 
11.96] 

< .001 

Extreme 
observations 
excluded 

−5.18 [−5.33, 
−5.03] 

−2.91 [−3.01, 
−2.81] 

9.51 
[8.18, 
11.06] 

10.06 
[8.81, 
11.49] 

10.18 [8.88, 
11.67] 

< .001 

Alternative 
room-
assignment 

−5.38 [−5.54, 
−5.22] 

−3.02 [−3.13, 
−2.91] 

9.62 
[8.27, 
11.19] 

9.74 
[8.54, 
11.12] 

10.27 [8.96, 
11.78] 

< .001 
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threshold 
Alternative 
outcome 
distributions 

−5.29 [−5.46, 
−5.12] 

−2.97 [−3.09, 
−2.85] 

9.58 
[8.22, 
11.17] 

10.12 
[8.84, 
11.58] 

10.33 [8.99, 
11.86] 

< .001 

Cluster-robust 
standard errors 

−5.42 [−5.64, 
−5.20] 

−3.04 [−3.20, 
−2.88] 

9.74 
[7.98, 
11.89] 

10.31 
[8.63, 
12.32] 

10.42 [8.68, 
12.50] 

< .001 

Multiple-
imputation 
dataset 

−5.40 [−5.56, 
−5.24] 

−3.01 [−3.12, 
−2.90] 

9.69 
[8.31, 
11.29] 

10.24 
[8.96, 
11.70] 

10.38 [9.04, 
11.91] 

< .001 

Leave-one-
building-
category-out 
range 

−5.18 to −5.57 −2.89 to 
−3.18 

8.91 to 
10.62 

9.43 to 
11.18 

9.76 to 11.04 < .001 

External 
holdout 
buildings 

−5.13 [−5.39, 
−4.87] 

−2.86 [−3.04, 
−2.68] 

8.72 
[7.21, 
10.55] 

9.46 
[7.93, 
11.29] 

9.88 [8.21, 11.89] < .001 

Controlled 
stress-test 
sample 

−3.61 [−3.85, 
−3.37] 

−2.19 [−2.36, 
−2.02] 

4.82 
[3.94, 
5.89] 

5.26 
[4.36, 
6.35] 

5.41 [4.46, 6.56] < .001 

Note. Continuous estimates compared full integration with coordinate-only localization. Negative 
differences represented lower error under full integration. Odds ratios greater than one represented 
higher probabilities of correct or complete outcomes. 
 
Table 9 demonstrated that the principal findings were stable across all sensitivity specifications. 
Excluding extreme observations slightly reduced the estimated error improvements, but the direction, 
magnitude, and significance of every effect remained unchanged. Alternative room thresholds, cluster-
robust standard errors, multiple imputation, and different outcome distributions produced estimates 
close to the primary models. Removing one building category at a time did not materially alter the 
results. Effects were modestly smaller in the external holdout and stress-test samples, yet full 
integration continued to reduce horizontal and vertical errors and substantially increase floor accuracy, 
room accuracy, and operational record completeness under each condition. Model diagnostics 
supported the adequacy of the statistical analyses. Dispersion estimates ranged from 1.04 to 1.08, 
indicating no material overdispersion. The maximum variance-inflation factor was 2.31, providing no 
indication of problematic multicollinearity. Cook’s distance remained below .02 across all models, and 
no influential trial altered the direction or significance of the primary estimates. Every mixed-effects 
model converged successfully, and no singular random-effect solution was detected. Marginal 
coefficients of determination ranged from .61 to .71, while conditional values ranged from .73 to .82. 
Classification areas exceeded .94 for floor, room, semantic, and route outcomes. All 5,000 mediation 
bootstrap samples converged, and simulation-based confidence-interval coverage reached 94.8%. 
Table 10 confirmed acceptable statistical diagnostics and strong predictive stability across the principal 
outcome models. Dispersion statistics remained close to one, variance-inflation factors stayed below 
conventional concern thresholds, and no observation exerted excessive influence. All models 
converged without singular random-effect solutions. Marginal coefficients of determination showed 
that fixed predictors explained substantial outcome variation, while higher conditional values 
confirmed meaningful clustering across buildings, floors, reference points, and devices. Classification 
areas exceeded .94 for floor, room, semantic, and routing outcomes. Bootstrap estimation completed all 
5,000 resamples successfully, and simulation-based confidence-interval coverage remained close to the 
prespecified 95% level across evaluated primary models. The graphical findings reinforced the 
numerical evidence. Positional-error distributions showed that the horizontal 95th-percentile error 
declined from 17.92 meters under coordinate-only localization to 5.63 meters under full integration. 
Comparative performance graphs displayed simultaneous increases in floor accuracy, room accuracy, 
routing success, and record completeness. The subgroup forest plot showed error reductions across all 
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six building categories, ranging from 64.2% in transportation complexes to 72.6% in educational 
facilities. The stress-response graph showed that horizontal error increased from 2.29 meters under 
normal conditions to 4.11 meters under timestamp misalignment, while route validity declined to 
87.6% under map errors. The calibration plot showed that the full system’s prediction curve closely 
followed the observed calibration line, with a slope of .97 and an expected calibration error of .031. The 
mediation path figure displayed the strongest standardized path from artificial-intelligence localization 
to semantic matching, β = .71, followed by semantic matching to route validity, β = .48, and route 
validity to emergency location intelligence, β = .37. 
 

Table 10 Statistical Diagnostics and Predictive Stability of the Primary Models 
 

Outcome 
model 

Residual 
or 
dispersio
n 
indicator 

Maximu
m Cook’s 
distance 

Maximu
m VIF 

Margin
al R² 

Condition
al R² 

Predictive-
performan
ce indicator 

Converge
d 

Horizontal 
error 

Residual 
skew = .18 

.017 2.31 .71 .82 RMSE = 
1.46 m 

Yes 

Vertical 
error 

Dispersio
n = 1.06 

.015 2.28 .69 .80 RMSE = 
0.82 m 

Yes 

Correct-
floor 
classificatio
n 

Dispersio
n = 1.04 

.012 2.24 .62 .74 AUC = 
.954; Brier = 
.052 

Yes 

Correct-
room 
classificatio
n 

Dispersio
n = 1.07 

.014 2.26 .66 .78 AUC = 
.946; Brier = 
.069 

Yes 

Semantic-
space 
matching 

Dispersio
n = 1.05 

.011 2.19 .68 .80 AUC = 
.957; Brier = 
.054 

Yes 

Valid-route 
generation 

Dispersio
n = 1.08 

.013 2.17 .61 .73 AUC = 
.941; Brier = 
.041 

Yes 

Total 
processing 
latency 

Dispersio
n = 1.06 

.016 2.31 .63 .76 RMSE = 
0.29 s 

Yes 

Sequential 
mediation 
model 

Bootstrap 
success = 
5,000/5,00
0 

— 2.18 .68 .79 CFI = .976; 
RMSEA = 
.034 

Yes 

Simulation
-based 
validation 

Coverage 
= 94.8% 

— — — — Target 
coverage = 
95.0% 

Yes 

Note. VIF represented variance-inflation factor, RMSE represented root-mean-square error, AUC 
represented receiver-operating-characteristic area, CFI represented comparative fit index, and RMSEA 
represented root-mean-square error of approximation. 
DISCUSSION 
The findings demonstrated that progressively integrating artificial intelligence, semantic indoor 
modeling, and network-based routing substantially improved the accuracy and operational 
completeness of NG911 emergency location intelligence. Mean horizontal error declined from 7.84 
meters under conventional coordinate-only localization to 3.42 meters when artificial intelligence was 
combined with semantic matching and to 2.36 meters under full integration. The adjusted reduction of 
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5.42 meters relative to coordinate-only localization represented a large standardized effect, d = −1.52, 
while the 69.1% relative reduction showed that the improvement was operationally substantial rather 
than merely statistically detectable (Bibbò et al., 2022). Mean vertical error followed the same pattern, 
decreasing from 4.18 to 1.12 meters and producing an adjusted reduction of 3.04 meters, d = −1.32. 
These results agreed with earlier indoor-positioning studies showing that multimodal machine-
learning models generally outperformed single-source fingerprinting and conventional proximity 
techniques. Earlier Wi-Fi and Bluetooth investigations commonly reported errors of several meters, 
particularly when device variation, multipath propagation, and changing indoor conditions were 
present. Ultra-wideband experiments sometimes achieved sub-meter accuracy under controlled line-
of-sight conditions, although those findings were usually based on smaller spaces, fixed anchor 
geometry, and limited environmental variation. The 2.36-meter performance observed in this study 
was therefore notable because it was obtained across 18 heterogeneous buildings, four device classes, 
multiple occupancy periods, and several construction environments (Ma et al., 2017). The results also 
extended earlier sensor-fusion research by demonstrating that the greatest improvement did not result 
from artificial intelligence alone. Artificial intelligence reduced horizontal error by approximately 55% 
relative to coordinate-only localization, while semantic constraints and network information produced 
an additional 32.5% reduction relative to the artificial-intelligence and semantic condition. This pattern 
indicated that physical plausibility constraints, floor associations, room boundaries, and navigable-
space relationships corrected estimates that remained ambiguous after signal processing. The strong 
data-retention rate of 97.3%, required-field completeness of 98.6%, categorical agreement of κ = .92, and 
measurement reliability of ICC = .97 further supported the credibility of these comparisons. Earlier 
studies often evaluated one algorithm within one building or relied on randomly divided observations 
from the same fingerprint dataset (Feng et al., 2020). This study addressed that restriction through 
repeated trials, nested modeling, external building validation, and direct comparison of component 
configurations. 
 

Figure 12: NG911 Indoor Location Intelligence Framework 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
The improvement in floor-level and room-level identification showed that emergency location quality 
depended on semantic interpretation as well as coordinate precision. Correct-floor identification 
increased from 72.6% under coordinate-only localization to 90.8% with artificial intelligence and 
semantic matching and to 96.4% under full integration. Correct-room identification increased more 
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sharply, from 51.8% to 81.6% and then to 91.7%.  
After adjustment, the odds of identifying the correct floor were 9.74 times greater under full integration, 
while the odds of identifying the correct room were 10.31 times greater. The difference between floor 
and room performance was consistent with earlier indoor-location research. Floor classification has 
generally been easier because floors can exhibit broader differences in elevation, barometric pressure, 
access-point visibility, and signal patterns (Chen et al., 2015). Room identification has remained more 
difficult because neighboring rooms can share similar wireless observations, while estimates near doors 
and common walls can fall within several plausible spaces. Earlier map-matching studies found that 
constraining estimated positions to walkable areas reduced physically impossible coordinates but did 
not always identify the correct room. The present findings clarified this distinction because correct-cell 
assignment reached 94.2%, semantic interpretation accuracy reached 95.1%, and boundary-related 
assignment error declined from 9.8% under partial integration to 4.1% under full integration. These 
improvements indicated that probability-weighted room assignment, vertical constraints, doorway 
relationships, and graph connectivity provided information beyond simple point-in-polygon matching. 
The findings also aligned with research on IndoorGML, building information modeling, and indoor 
geographic information systems, which emphasized that coordinates became more meaningful when 
associated with room functions, floor labels, unit identifiers, entrances, and movement relationships 
(Philips et al., 2023). Earlier BIM-to-GIS conversion studies demonstrated that rooms and doorways 
could be extracted and represented as semantic cells, although missing openings, inconsistent floor 
hierarchies, and invalid connections frequently reduced navigation quality. This study produced valid 
indoor topology for 98.2% of records and continuous route networks for 97.6%, indicating that 
systematic validation reduced many of those conversion problems. The findings were especially 
relevant to vertically complex buildings because a few meters of elevation error could assign an 
emergency to an adjacent floor. By reducing mean vertical error to 1.12 meters and combining that 
estimate with verified floor structures, the integrated configuration translated sensor observations into 
floor and room information that was considerably more precise than the building-level positions 
commonly emphasized in earlier emergency-location systems (He & Chan, 2015). 
The routing findings showed that accurate indoor location became more operationally useful when it 
was linked to valid entrances, graph nodes, accessible transitions, and complete responder paths. The 
fully integrated configuration achieved 96.1% correct-node association, 95.5% correct responder-
entrance selection, 96.8% valid-route generation, 95.9% accessibility compliance, and 96.2% successful 
route completion. Operational record completeness increased from 63.4% under coordinate-only 
localization to 94.8% under full integration, and the odds of producing a complete record were 10.42 
times greater. Earlier indoor-routing studies frequently evaluated shortest-path algorithms after 
assuming that the starting node, destination node, floor, and navigation graph were already correct. 
Such designs provided useful evidence about algorithmic efficiency but did not measure the effects of 
uncertainty introduced during positioning and semantic matching (Walter et al., 2017). This study 
connected those stages and showed that route validity depended on the accuracy of upstream location 
information. The comparison of routing algorithms also supported earlier findings concerning 
computational trade-offs. Dijkstra and A* both achieved 96.8% route success, but A* reduced average 
computation time from 0.214 to 0.148 seconds and explored approximately 52% fewer nodes. 
Hierarchical A* reduced computation time further to 0.096 seconds and required the least memory, 
although its average paths were slightly longer. Visibility-graph routing generated the shortest paths 
but produced a marginally lower route-success percentage. These results agreed with prior research 
showing that A* generally reduced search effort through heuristic guidance, while hierarchical 
approaches improved scalability by limiting detailed searches to relevant floors or zones (Davidson & 
Piché, 2016). The findings also supported multi-criteria emergency-routing studies that questioned the 
suitability of geometric distance as the only route objective. The primary A* configuration incorporated 
distance, vertical movement, doorway restrictions, accessibility, and simulated hazards, resulting in 
routes that were sometimes longer than purely geometric alternatives but more operationally valid. 
Full integration increased total processing time from 1.28 to 1.92 seconds, producing an adjusted 
increase of 0.61 seconds (Jahir et al., 2019). This added latency was statistically significant but small 
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relative to the improvements in room identification, routing success, and record completeness. Earlier 
emergency-navigation research has shown that route calculation itself can be completed rapidly, while 
signal acquisition, validation, semantic association, and display account for much of the end-to-end 
delay. The present findings confirmed that pattern because routing required only 0.148 seconds within 
the 1.92-second total process. The integration therefore exchanged a modest amount of processing time 
for a much more complete and actionable emergency-location record (Masaracchia et al., 2019). 
Subgroup findings demonstrated that the integrated system remained effective across heterogeneous 
indoor environments while retaining measurable sensitivity to spatial complexity, device quality, 
occupancy, and wireless coverage. Educational facilities achieved the lowest mean horizontal error at 
2.09 meters and the highest room accuracy at 93.7%, whereas transportation complexes recorded the 
highest error at 2.82 meters and the lowest room accuracy at 88.9%. Hospitals also produced slightly 
weaker results than residential, educational, and commercial buildings because their denser room 
arrangements, restricted areas, multiple wings, and complex vertical transitions increased ambiguity 
(Akkaya et al., 2015). These patterns were consistent with earlier multi-floor localization research 
showing that repeated layouts, large open spaces, interconnected zones, and numerous vertical 
transitions complicated both positioning and route generation. Each additional five floors was 
associated with a 0.17-meter increase in horizontal error, while every 1,000 additional graph nodes 
increased processing time by 0.08 seconds. Reinforced-concrete and steel-dominant buildings 
produced 0.48 meters greater error and 4.7 percentage points lower room accuracy than lightweight 
structures. These results supported prior radio-propagation studies showing that concrete and metal 
increased attenuation and multipath effects. Device heterogeneity produced a similarly recognizable 
pattern. Budget Android devices generated 2.71 meters of error compared with 2.14 meters for 
premium Android devices and 2.25 meters for iOS devices (Wang & Shao, 2017). Earlier fingerprinting 
studies documented device-specific signal offsets, antenna differences, sensor bias, and scanning-
policy variation, all of which reduced cross-device transferability. The smaller differences observed 
after multimodal fusion suggested that device calibration and combined sensing moderated, but did 
not eliminate, hardware effects. Higher occupancy increased error from 2.18 to 2.54 meters and reduced 
room accuracy from 93.0% to 90.4%, which corresponded with previous findings on human-body 
attenuation, crowd-related signal obstruction, and environmental movement. Signal quality produced 
the strongest moderating effect: horizontal error increased from 1.88 meters under strong coverage to 
3.07 meters under weak coverage, while room accuracy decreased from 94.8% to 85.9% (Corna et al., 
2015). The external holdout buildings produced only a 0.23-meter increase in horizontal error and a 1.7-
percentage-point reduction in room accuracy relative to the development sample. Earlier studies often 
reported pronounced performance loss when models were transferred to unseen buildings. The 
comparatively small holdout gap in this study indicated that grouped training, multiple device classes, 
semantic constraints, and diversified building selection strengthened generalization (Zou, Zhou, Yang, 
et al., 2018). 
The stress-test findings provided important evidence concerning the resilience of the integrated system 
under conditions resembling partial infrastructure or information failure. Under matched normal 
conditions, mean horizontal error was 2.29 meters, correct-room identification was 92.2%, and valid-
route generation was 97.1%. Removing access points increased horizontal error to 3.68 meters and 
reduced room accuracy to 82.7%, while sensor masking produced a smaller increase to 3.14 meters 
(Ahmad et al., 2021). These findings agreed with earlier sensor-fusion studies showing that hybrid 
systems maintained operation when one input became unavailable but experienced declining precision 
as the quantity and diversity of usable observations decreased. Fallback-location success remained 
86.9% after access-point removal and 89.1% after sensor masking, supporting the value of retaining 
inertial, barometric, magnetic, ultra-wideband, or map-based alternatives. Timestamp misalignment 
produced the greatest localization deterioration, increasing horizontal error to 4.11 meters and 
reducing room accuracy to 79.5%. This result was consistent with data-fusion research demonstrating 
that observations collected at different moments could be incorrectly combined, particularly when a 
device or caller was moving. The finding also showed that synchronization quality was not merely a 
technical maintenance issue; it directly influenced room assignment and route reliability (Zou, Zhou, 
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Jiang, et al., 2018). Controlled map errors produced the lowest valid-route percentage at 87.6% and the 
longest recovery duration at 25.3 seconds. Earlier indoor-navigation studies frequently assumed that 
building maps were current and topologically correct, while BIM-to-navigation research documented 
missing doorways, outdated room boundaries, and invalid floor connections. The present results 
quantified the operational consequences of those defects. Graph-edge blockage and elevator 
unavailability affected routing more strongly than coordinate estimation, reducing valid-route 
generation to 92.2% and 90.5%, respectively. Successful diversion nevertheless remained 91.6% after 
graph-edge blockage and 89.7% after elevator loss. Route recalculation remained below 0.40 seconds in 
every disruption condition, indicating that the algorithm responded rapidly once the changed network 
state was detected (Chen et al., 2019). Earlier dynamic evacuation studies similarly reported that graph-
based systems could calculate alternative paths quickly, although the effectiveness of those paths 
depended on timely hazard or blockage data. Alternative-route availability remained above 88% across 
all disruptions, showing that network redundancy supported continuity. The effects observed under 
timestamp and map errors further indicated that data integrity and synchronization were more 
consequential than algorithmic computation speed during degraded operation (Zhan & Chong, 2021). 
The mediation findings clarified how artificial-intelligence localization was transformed into 
operational emergency location intelligence. Artificial-intelligence localization capability had a total 
standardized effect of β = .67 on the final outcome. After semantic matching and route validity were 
included, the direct effect declined to β = .22, while the total indirect effect reached β = .45. Semantic 
matching independently transmitted an effect of β = .22, route validity transmitted an effect of β = .11, 
and the sequential pathway through both mediators contributed β = .13. Together, the mediating 
pathways accounted for 67.2% of the total relationship (Tate, 2015). This pattern extended earlier 
positioning research, which often treated coordinate accuracy as the final outcome, and earlier routing 
research, which usually assumed that the correct destination was already available. The findings 
showed that artificial intelligence created only part of the operational value. A coordinate estimate had 
to be matched to the correct floor, room, cell, or doorway, after which that semantic location had to be 
associated with a valid route. The strong path from artificial-intelligence localization to semantic 
matching, β = .71, supported probabilistic data-fusion principles because better combined estimates 
increased the probability of correct spatial interpretation. The path from semantic matching to route 
validity, β = .48, supported semantic spatial modeling by demonstrating that correct room and 
doorway relationships improved graph association. The path from route validity to emergency location 
intelligence, β = .37, supported graph theory by showing that navigable connectivity converted 
interpreted location into responder-oriented information (O'Laughlin et al., 2018). The results also 
supported an information-processing perspective in which raw observations passed through 
acquisition, estimation, interpretation, routing, and display stages. Earlier NG911 interoperability 
studies emphasized the importance of standards, identifiers, validation, and geographic call routing, 
while indoor-navigation studies emphasized positioning and movement within buildings. The 
sequential mediation results connected those areas empirically. Model fit was strong, with CFI = .976, 
TLI = .968, RMSEA = .034, and SRMR = .026 at the within-building level (Shin et al., 2016). The model 
explained 58% of semantic matching, 66% of route validity, and 74% of final emergency location 
intelligence. Confidence calibration also improved across configurations, with the Brier score declining 
from .184 to .058 and expected calibration error declining from .112 to .031. Earlier machine-learning 
studies often emphasized classification accuracy without examining whether confidence values 
reflected observed correctness. The calibration findings indicated that integration improved both 
predictions and the reliability of the uncertainty information attached to them (Malibari & Bajaba, 
2022). 
The statistical evidence indicated that the principal findings were stable across alternative assumptions, 
samples, and modeling strategies. Excluding extreme but valid observations reduced the adjusted 
horizontal-error improvement from 5.42 to 5.18 meters, but the effect remained large and statistically 
significant. Alternative room-assignment thresholds, outcome distributions, cluster-robust standard 
errors, and multiple imputation generated estimates close to the primary models (Atiq et al., 2022). 
Leave-one-building-category-out analyses produced horizontal-error reductions ranging from 5.18 to 
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5.57 meters and correct-room odds ratios ranging from 9.43 to 11.18. The external holdout analysis 
generated an adjusted horizontal-error reduction of 5.13 meters and a correct-room odds ratio of 9.46, 
indicating that the main results were not dependent on the buildings used for model development. 
Effects were attenuated under controlled disruption, as expected, but remained meaningful: full 
integration reduced horizontal error by 3.61 meters and increased the odds of correct-room 
identification by 5.26 times. Earlier indoor-location studies frequently reported high accuracy from 
single-building experiments, small test spaces, or random splits that allowed measurements from the 
same reference points to appear in training and test data (Fang et al., 2020). The grouped validation, 
six-building holdout sample, stress testing, and nested mixed-effects models used in this study 
provided a more demanding assessment. Model diagnostics further supported the estimates. 
Dispersion values remained between 1.04 and 1.08, the maximum variance-inflation factor was 2.31, 
Cook’s distance remained below .02, and all models converged without singular random-effect 
structures. Marginal coefficients of determination ranged from .61 to .71, while conditional values 
ranged from .73 to .82, indicating that both measured predictors and clustered building conditions 
contributed to performance. Classification areas exceeded .94 for floor, room, semantic, and route 
outcomes, and simulation-based confidence-interval coverage reached 94.8%. These values compared 
favorably with earlier studies that reported strong classification performance but offered limited 
calibration, external validation, or sensitivity evidence (Fiedler et al., 2018). The 0.61-second increase in 
processing time under full integration represented the principal measurable trade-off. Its standardized 
magnitude was moderate, d = 0.44, whereas the gains in horizontal accuracy, vertical accuracy, floor 
identification, room identification, and completeness were large. The combined statistical and 
operational evidence therefore characterized full integration as a higher-information configuration 
whose modest computational cost accompanied substantial improvements across every principal 
emergency-location outcome. 
CONCLUSION 
This study concluded that integrating artificial intelligence, semantic indoor geospatial modeling, and 
network-based routing created a substantially more accurate, complete, reliable, and operationally 
useful form of NG911 emergency location intelligence than conventional coordinate-only localization. 
Across 18 multistory buildings, 540 verified reference points, and 12,614 retained primary trials, full 
integration reduced mean horizontal error from 7.84 to 2.36 meters and vertical error from 4.18 to 1.12 
meters. Correct-floor identification increased from 72.6% to 96.4%, while correct-room identification 
increased from 51.8% to 91.7%. The adjusted reductions in horizontal and vertical error were 5.42 and 
3.04 meters, respectively, and the odds of correct-floor and correct-room identification were 
approximately ten times greater under full integration. Semantic interpretation accuracy reached 
95.1%, correct-node association reached 96.1%, valid-route generation reached 96.8%, and successful 
route completion reached 96.2%. Operational record completeness improved from 63.4% to 94.8%, 
while the complete location-and-route process required an average of only 1.92 seconds. The sequential 
mediation analysis showed that semantic matching and route validity transmitted 67.2% of the total 
relationship between artificial-intelligence localization and emergency location intelligence, 
demonstrating that precise coordinates achieved their greatest value when interpreted within verified 
indoor spaces and connected to navigable responder routes. Performance remained strong across 
residential, hospital, educational, transportation, commercial, and industrial buildings, although weak 
signals, higher occupancy, complex floor arrangements, and lower-quality devices produced 
measurable reductions. External holdout testing showed limited performance loss in unseen buildings, 
and controlled stress testing confirmed continued operation during access-point removal, sensor 
masking, route blockage, elevator unavailability, timestamp misalignment, and map errors. Sensitivity 
analyses, cluster-robust estimation, alternative thresholds, multiple imputation, and leave-one-
category-out testing preserved the direction and magnitude of the principal effects. The strong model 
fit, improved confidence calibration, rapid route recalculation, high data completeness, and stable 
performance across alternative specifications further demonstrated that the integrated architecture 
combined statistical validity with the practical requirements of time-sensitive public-safety operations. 
Overall, the findings established that high-precision emergency location intelligence depended on an 
end-to-end information chain rather than a single positioning algorithm. Artificial intelligence 
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improved estimation, semantic modeling converted estimates into meaningful indoor locations, and 
network routing transformed those locations into actionable emergency-response paths. 
RECOMMENDATIONS 
Emergency communication authorities, public-safety agencies, building owners, telecommunications 
providers, and geospatial technology developers should adopt a phased, standards-based approach to 
integrating artificial intelligence, semantic indoor geospatial models, and network routing within 
NG911 environments. Implementation should begin with high-risk and high-occupancy facilities, 
including hospitals, transportation complexes, educational campuses, industrial sites, commercial 
centers, and residential towers, where floor and room uncertainty can create substantial response 
delays. Each participating facility should maintain an authoritative, georeferenced indoor model 
containing verified building identifiers, floor labels, room numbers, entrances, corridors, doors, 
stairways, elevators, accessibility restrictions, emergency resources, hazardous areas, and navigable 
connections. Indoor records should be linked to NG911 geographic databases through stable 
identifiers, consistent coordinate systems, standardized schemas, and automated validation rules. 
Artificial-intelligence localization should use multimodal sensor fusion rather than dependence on one 
wireless source, and training datasets should represent multiple devices, occupancy periods, building 
materials, floors, and signal conditions. External-building validation should be required before 
operational deployment, with performance thresholds established for horizontal error, vertical error, 
floor accuracy, room accuracy, confidence calibration, route validity, processing latency, and record 
completeness. Public-safety agencies should routinely test access-point failure, sensor loss, timestamp 
misalignment, map errors, blocked corridors, and elevator unavailability because the findings showed 
that synchronization and map integrity materially affected location and routing performance. A* or 
comparable risk-aware routing should be used with verified accessibility, entrance, hazard, and 
vertical-movement constraints, while alternative paths should be precomputed for critical facilities. 
Governance arrangements should assign responsibility for map creation, approval, version control, 
renovation updates, quality audits, and secure cross-agency sharing. Location records should be 
protected through role-based access, encryption, authentication, audit logs, retention controls, and 
integrity monitoring. Call takers, dispatchers, GIS specialists, and responders should receive scenario-
based training on confidence values, floor information, indoor-map interpretation, entrance selection, 
and route changes. Deployment should proceed through controlled pilots, independent technical 
evaluation, limited operational release, and monitored expansion. Continuous dashboards should track 
accuracy, availability, failed matches, stale records, routing failures, latency, fallback success, and 
recovery time so that performance deterioration can be detected and corrected before it affects 
emergency operations. Annual audits should verify compliance, interoperability, resilience, and 
operational readiness. 
LIMITATIONS 
This study contained several limitations that should be considered when interpreting the reported 
findings. First, the 18 participating buildings were purposively selected according to access, digital-
map availability, wireless infrastructure, and operational approval; therefore, the sample did not 
represent every building type, geographic region, construction standard, or NG911 implementation 
environment. Although six categories and an external holdout sample were included, only six 
buildings were reserved for independent validation, limiting the precision of conclusions about 
transferability to entirely different jurisdictions. Second, emergency-location trials were conducted by 
trained operators under standardized conditions rather than by distressed callers, injured occupants, 
or responders working during actual emergencies. Real incidents may involve panic, rapid movement, 
device damage, smoke, heat, water, darkness, communication overload, or incomplete verbal 
information that was not fully reproduced. Third, the study evaluated selected smartphones, sensors, 
wireless technologies, artificial-intelligence models, and routing algorithms. Other hardware, 
operating systems, network providers, positioning services, or algorithmic configurations could 
produce different performance. Fourth, the indoor maps and navigation graphs underwent extensive 
specialist validation before testing. Many operational agencies possess incomplete, outdated, 
inconsistent, or nongeoreferenced building records, and performance may be lower where equivalent 
data-quality controls are unavailable. Fifth, stress testing introduced isolated access-point removal, 
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sensor masking, timestamp misalignment, map errors, blocked edges, and elevator unavailability. 
Actual emergencies can create simultaneous and cascading failures that interact in less predictable 
ways. Sixth, route travel time was estimated from network characteristics and standardized movement 
assumptions rather than measured through complete emergency deployments involving vehicle 
arrival, building entry, equipment preparation, and responder search. The study consequently did not 
directly measure survival, clinical outcomes, property loss, or total incident-resolution time. Seventh, 
repeated observations improved statistical power but may have retained unmeasured dependence 
related to operators, temporal conditions, or building activity, even after mixed-effects adjustment. 
Eighth, the evaluation period did not capture long-term model drift, infrastructure replacement, 
seasonal variation, renovation, or evolving occupancy patterns. Finally, privacy, cybersecurity, access 
control, and governance were incorporated as design requirements but were not subjected to full 
adversarial penetration testing, regulatory audit, or cost-effectiveness analysis. These limitations 
restricted broad causal and operational generalization beyond the specific evaluated conditions. 
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